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Abstract
Gene Regulation is one of the most important mechanisms at the
basis of the widespread diffusion and versatility of organism. It
provides the cell with an effective control means over structure
and functions, with a direct connection to cellular differentia-
tion, morphogenesis, and adaptability. Until recently it has been
common belief that only proteins were involved in gene regu-
lation; later, regulatory functions have been discovered also for
non-coding RNA; in particular, since the discovery of riboswitches
such a simplistic perception has changed. Riboswitches are regu-
latory elements, usually found in 5’ untranslated regions of bac-
terial mRNA, directly interacting with metabolites as a means
of regulating expression of the coding region via a secondary
structural switch. Modelling riboswitch structural rearrangement
would be a greater advance, not only for understanding key pro-
cesses of this RNA functional elements, but also for speeding
up riboswitches engineering leading to a huge improvement in
biotechnological application of these genetic switches.
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Chapter 1
Introduction
᾿Εν piᾶσι γὰρ τοῖς φυσικοῖς ἔνεστί
τι θαυμαστόν.
In all things of nature there is
something of the marvellous.
Aristotle
Gene regulation is one of the most important mechanisms responsible for
the widespread diffusion and versatility of organisms, giving the cell control
over structure and functions and being the basis for cellular differentiation,
morphogenesis and adaptability [34]; by means of gene regulation a cell is able
to express genes just in the place and time their functions are required. Until
recently it was thought that proteins only were involved in the regulation
of the gene expression. These repressors or activators proteins are able to
recognise a specific ligand and, binding near their regulatory target, they
become able to exert their regulatory functions [8].
Since the discover of ribozymes1 [33], some decades ago, the perception of
RNA molecules as inert aids, carrying out genetic information and providing
scaffolding and transporting functions, has changed, pointing toward a more
active role in which RNA could perform catalytic reactions in cells. Lot of
studies have also shown that RNA could be generated to bind a wide range of
proteins and small molecule ligands with high selectivity and affinity [35, 41],
on par with proteins, despite being composed from an alphabet of only four
ribonucleotides; these findings paved the road for riboswitches discovery.
A number of puzzling instances of gene-control phenomena have been
accumulating in literature for many years; for a certain number of genes,
1Ribozymes are RNA molecules capable of catalysing specific molecular reactions, much
like enzymes; furthermore allosteric ribozymes, able to change shape and functions in
response to ligand binding, exist.
2
CHAPTER 1. INTRODUCTION 3
which were known to be regulated, no protein factors implied in the regulation
mechanism could be found, leading to the proposal of a direct interaction
between ligand and RNA. This thesis was validated by a increasingly larger
number of scientific discoveries during the past decade [86, 87].
Riboswitches are specific untranslated regions (UTR) of mRNA, usually
located 5’ (despite the fact that several 3’ riboswitches have been found
recently [60]). They are able to regulate expression of the related genes in a
cis-fashion (however one trans-acting riboswitch is known [37]), in response
to the binding of a small molecule ligand [25]. Riboswitches are composed of
an aptamer domain, usually located upstream, that binds the ligand, and an
expression platform domain that, by switching between secondary structures,
exerts the proper regulatory functions (Figure 1.1).
Figure 1.1: Structural element of a general riboswitch in primary sequence of
the mRNA transcript. Note the overlapping between aptamer and expression
platform, also known as switching sequence.
Regulation is obtained by virtue of a region of overlap between these
two domains, known as the switching sequence, whose pairing directs folding
of the RNA into one of two mutually exclusive structures in the expression
platform, that represent the on and off states of the mRNA.
The aptamer is an evolutionary conserved region, in virtue of the high
specificity of the binding, while the expression platform is highly variable, and
this is partially related to the fact that a plethora of regulation mechanisms
exist [55]; the conservation of specific aptamer nucleotides represents also one
of the basis for the classification of riboswitches [10]. See Figure 1.2.
It is important noticing (as we shall see in Section 1.3) that, despite of its
name, in vivo only a small portion of the whole riboswitch structure really
operates in a switching fashion; the vast majority works like “molecular fuses”,
being fixed in a configuration decided during the transcriptional phase [55].
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More than twenty classes of riboswitches, based on the ligand they recog-
nise, have been described so far, and many new classes are likely to be discov-
ered in the future. Nonetheless, only a few riboswitches have been discovered
in eukaryotes; a few reasons have been proposed elsewhere [9].
Figure 1.2: Classes of validated and candidate riboswitches plotted in de-
scending order relative to their frequency in the genomes of about 700 bac-
terial species. Classes with at least some biochemical or genetic validation
(filled bars) are named for the ligand that is most tightly bound. Multiple
compound names indicate that binding site variants exist with altered ligand
specificity. Candidate riboswitches whose ligand-binding functions have not
been validated (open bars) are named after genes that are commonly associ-
ated with the motif.
Reproduced from [9]
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1.1 Regulation Mechanisms in Riboswitches
Despite the great variety of ligands, the number of regulation mechanisms
involved in the activity of riboswitches is limited. The most common forms of
modulation of gene expression are through transcription termination or trans-
lation modulation [69]; in transcription termination ligand binding leads to
a conformational rearrangement, with the formation of a terminator hairpin
which may be a rho-independent or a rho-dependent terminator. Intrinsic
terminators [85] contain an inverted and repeated sequence that can base
pair to itself once transcribed, to create an hairpin loop followed by a runs of
Us (usually five to nine uridines); due to the fact that only 2 hydrogen bonds
exist between U and A, the runs of Us represent a weak location, in which
the transcription termination (i.e. detachment of the RNA polymerase) takes
place. In absence of ligand, a competitive second structure or anti-terminator
is formed that allows efficient mRNA production.
The so-called ρ factors are proteins involved in termination of transcrip-
tion that after have been bound to the mRNA, move towards the 3’ end of
the newly formed RNA, unwinding it from the DNA template, terminating
transcription [11].
In translation inhibition ligand binding is related to the sequestration or
release of the Ribosomal Binding Site (RBS hereafter) such as the Shine-
Dalgarno sequence in prokaryotes or the 5’ cap in eukaryotes, hampering the
translation of mRNA in protein [30].
In eukaryotes, sequestration or release of specific alternative splicing2 site
is also possible. Depending on the species, the alternatively spliced mRNA
contain internal stop codons that either cause translation of aberrant peptides
or premature translation termination.
Moreover, some riboswitches seem to be controlled by metabolite-responding
self-cleaving ribozymes, while others show both cis and trans regulation [37].
See Figure 1.3 for a brief overview of regulation mechanisms [69]).
Eventually some riboswitches are enriched with more than one sensor
domain, forming the so-called tandem riboswitches, capable of very intricate
regulatory strategy [10].
2Alternative splicing is a process in which which introns are excised and exons rejoined
in different combinations to yield alternatively spliced mRNAs
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Figure 1.3: Basic mechanism of gene regulation in riboswitches.
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1.2 Architecture and Metabolite Recognition
Although riboswitch aptamers have been classified in more than twenty
classes, it is topologically possible to identify patterns and structures that are
common to large riboswitch families [69]; most involve multi-helical junctions
and pseudoknots3(See Figure 1.4).
Figure 1.4: Representation of the various riboswitches aptamer’s architec-
tures. In (A) is shown a pseudoknotted architecture. (B) Y-shaped multihe-
lical junction. (C) H-shaped or inverted architecture. (D) Another example
or regular architecture, as in Glicine riboswitches. Reproducted from [55]
Multi-helical Junction riboswitches are made up of a junction, connect-
ing a various numbers of helices (usually from 3, like in Purine or TPP
riboswitches to 6 like in FMN riboswitches [55]) stacked on each other in
junctional region and packed side to side above and below the junction,
forming the so-called binding pocket. In junctional riboswitches, P1 is the
helix that close the sensing domain, and it is usually involved in alternate
base-pairing in the two switching structures (this is an important fact and
could be exploited to predict riboswitch structure, as we’ll see in Section 5.1).
In Y-shaped junctional riboswitches, P1 helix originated in the central posi-
tioned junction while, in H-shaped ones (also defined inverted architecture),
the junction is located far from P1. Furthermore it is becoming clear that
riboswitch architecture type and ligand structure are not correlated.
The majority of riboswitches relay on the formation a highly specific
binding pocket which encapsulate the ligand; in addition a series of strategies
contribute to the specificity of the recognition [55]:
Shape complementarity between the binding pocket and the ligand rep-
resent one of the most prominent feature in metabolite recognition;
3RNA pseudoknot results from Watson-Crick base pairing of a single-stranded segment,
located between two regions, paired to each other, with a sequence that is not located
between these paired regions. This leads to a structure with at least two helical stems and
two loops crossing the grooves of the helices [28].
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nevertheless the ligand does not need to be completely encapsulated in
the binding pocket, especially if the riboswitch can respond to several
different compounds of the same class.
Hydrogen bonding involve the formation of a complex pattern of interac-
tion, primarily relying on heteroatom functionalities. Hydrogen bond-
ing pattern is responsible for the high specificity of the recognition, and
also explain the high evolutionary conservation of certain non paired
aptamer nucleotides.
Stacking interactions usually involve planar groups of the ligand which
are sandwiches between purines; this interactions accounts both for
selective and high affinity ligand binding and for the stabilisation of
the structure.
Other mechanism involve the recognition of negative or positive charged
groups. Another important role is played by Mg2+ and K+ metal
cations, that compensate for the charge of the negative groups of the
ligands.
. . .
1.3 Thermodynamic vs Kinetic Folding
The folding process in riboswitches is highly dynamic; at the same time the
sequence undergoes transcription, it begins to fold and meta-stable struc-
tures of the available sequence fraction are thought to form rapidly [59].
Meta-stables intermediates may not rearrange to the full-length native con-
formation, because dissociation of structural elements might be energetically
expensive, leading to the formation of trapped structures. Based on the dy-
namic of the ligand binding process, riboswitches can be distinguished in
thermodynamically-driven and kinetically-driven; if the ligand cannot bind
in time, i.e. before the polymerase has reached the end of the expression plat-
form, gene regulation will not occur. Moreover, meta-stable states might alter
the ligand-binding pocket structure, thus hampering the ligand recognition.
This case is often referred to as dynamic regulation. Thermodynamically-
driven riboswitches usually reach the aptamer-ligand chemical equilibrium
before the transcription finalises. Furthermore, for the whole sequence, the
energy barrier between bound and unbound states may be so low that, af-
ter transcription, the riboswitch can move back and forth between the two
configurations. As we will explain in Chapter 2, this fact has far reaching
consequences in the construction of a folding model.
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Figure 1.5: Figure outline the highly dynamical landscape of co-
transcriptional folding, showing formation or disruption of some important
helix during co-transcriptional folding of tenA_TPP. May be easily noticed
as some helix form and disrupt during transcription.
Obtained using KineFold [89], a useful kinetic folding simulation tool.
1.3.1 Dynamic Energy Landscapes
As shown previously by Quarta et al. [59], the evolution of the energy
landscape4 during the folding process can be described using three patterns:
Sensing Window, Downhill Folding Window, and Functional Window. In the
sensing window length, ligand-competent and non-ligand-competent struc-
tures are inherent to the energy landscapes, and the two states can inter-
change, regardless to the presence of the ligand. In the downhill folding win-
dow an isomerization occurs, and the folding is directed toward a low-energy
structure with a specific function of gene control. Finally ,in the functional
window two alternative structures are present in the landscape, but are sepa-
rated by a high energy barrier that hampers switching between structures. In
4Folding energy landscapes represent energy of the various conformation as function of
a certain number of conformational degrees of freedom. In riboswitch studies, base-pair
distance and end to end elongation are the most common ones.
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kinetically-driven riboswitches, the sensing window occurs early during fold-
ing, and the functional window is usually the last one; this means that ligand-
binding pushes the equilibrium toward the ligand-competent structure. On
the contrary, sensing windows in thermodynamically-driven riboswitches oc-
cur late during folding and the riboswitch actually operates like a real switch.
1.3.2 Conformational Selection and Induced Fit
Another way to analyse the folding energy landscapes comes from [66], in
which the riboswitch folding process is modelled as a diffusive process in a
multi-dimensional energy landscape, and the folding mechanism is explained
by referring to the so-called induced fit and conformational selection. Based
on a hierarchical folding hypothesis, i.e. secondary structures are supposed
to form first, followed by formation of tertiary contact, riboswitch transi-
tion from final intermediate to either fold unbound or fold bound states,
can be distinguished in two cases: induced fit and conformational selection.
Conformational selection is based on the idea that all conformation of a bio-
molecule, including binding competent conformation, are pre-existing in a
dynamic ensemble [29]. On the contrary, the induced fit hypothesis claims
that conformational states between the free and bound configurations are
driven toward the bound-state structure by the nature of the binding inter-
action.
From an energy landscape perspective in induced fit the shape of the ac-
tivation barrier, from the final intermediate to the ON or OFF state, must
change in presence of the ligand, because the interactions alter the domi-
nant pathways itself to the folded conformation; in the conformational selec-
tion, ligand binding alter the depth of the folded-state energy well but only
marginally the barrier shape.
1.3.3 Aptamers and Full Structures
Finally, the importance of a dynamic perspective has been underlined by
Micura et al. [29]; experiments have shown that full length domains, com-
prised of both the aptamer and the expression platform, of several riboswitch
classes, were incapable of in vitro binding of the ligand, while the aptamer do-
mains only excerpt its functions with high affinity [36, 83, 62, 84]. Moreover,
for a wide range of riboswitches, the available cellular metabolite concentra-
tions are significantly higher than actually required for complete binding, as
highlighted by lower than expected Kd-values for metabolite complexes [84].
The key to explain this apparently strange behaviour is the co-transcriptional
folding: briefly speaking the folding process of the mRNA, and so those of
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Figure 1.6: Figure shows the diverse energy landscape in case of induced
fit and conformational selection. F stays for Folded and ligand-free, F•L for
Folded ligand-bound and I for intermediates. Black curve represent Ligand-
free state, while blue and red curve represent conformational selection and
induced fit respectively.
riboswitches, cannot be isolated from the transcriptional one; mRNA starts
folding while leaving RNA polymerase and ligand interaction might be time
limited, i.e. must happens before a specific event (like release of certain
sequence forming an anti-antiterminator hairpin from polymerase). The co-
transcriptionality of the riboswitch folding process is even enhanced by the
presence of numerous RNA polymerase (RNAP) pause sites, strategically
located along the transcribed sequence.Those sites, crucial for an efficient
folding, block the formation of competitive structures and, according to pre-
vious studies [54], couple folding of the tertiary structure of the aptamer
domain and the downstream secondary structure in the expression platform.
So the landscape of riboswitch folding may be a very complex one, involv-
ing cascade of events and time windows in which events can occur, dynamic
interaction, presence of pause transcriptional site, and all this factors must
be accurately considered to define a proper model of riboswitch folding.
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1.4 Rationale for Riboswitches Prediction
During the past decades enormous scientific efforts give rise to a increas-
ingly pervasive influence of synthetic biology, aimed at controlling cellular
behaviour by the means of genetic circuits [88]. To date artificial ribozymes
have been produced so as engineered metabolic pathway to produce needed
compounds.
1.4.1 Engineered Riboswitches
The ability of easily building engineered riboswitches would create a pow-
erful tool for controlling gene expression. In principle, as for other genetic
circuits, basic genetic elements (aptamers, Shine-Delgarno(SD) sequences,
terminators, promoters,...) are needed to build a riboswitch.
Suess et al. [88] shown a wide number of applications in which engineered
riboswitches have been validated:
• Control of translation initiation in eukaryotes by small molecule binding
aptamers
• Control of pre-mRNA splicing by small molecule binding aptamers
• Control of translation initiation by riboswitches in bacteria
• Conditional gene expression by allosterically regulated ribozymes
• Control of transcription by engineered riboswitches
However using aptamer domains generated via in vitro selection (e.g. SE-
LEX5), generally in vivo screening are mandatory to assess suitability of
aptamers for riboswitches applications i.e. to verify the capability of the se-
lected aptamer to induce an expression platform rearrangement; here a com-
putational switching prediction model would be extremely helpful, greatly
reducing efforts necessary to test all selected aptamers to the promising ones.
1.4.2 Riboswitches as Antibacterial Drug Targets
Furthermore riboswitches seems promising potential targets for development
of antibacterial compounds [39], due to their ability to bind small molecules
with high affinity and specificity and their almost uniqueness to bacteria: if
eukaryotes employ riboswitches it is likely that they will be different from
5Systematic evolution of ligands by exponential enrichment: a very large se-
quence pool is generated, and then evolved over time to bind specific target.
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those in bacteria.
Sudarsan et al. [72] have shown that the antimicrobial action of the thiamine
analog pyrithiamine (PT) is mediated by interaction with TPP riboswitches
in bacteria and fungi. Further studies [16] shown that Roseoflavin, a pigment
from Streptomyces davawensis exerts antimicrobial activity binding FMN ri-
boswitches in Bacillus subtilis. Finally L-aminoethylcysteine (AEC) interacts
with lysC riboswitch in Bacillus subtilis repressing expression of the related
genes. A structural switching prediction model would be helpful and could
be even helpful in suggesting some biological in vivo studies.
Eventually, as suggested elsewhere, one of the greatest impact of our under-
standing of riboswitches will be to illuminate new paths for engineering RNA
devices that drive real-world biotechnology applications [6].
Chapter 2
RNA Structure and Prediction
Remember that all models are
wrong; the practical question is
how wrong do they have to be
to not be useful.
George E.P. Box
Being able to model riboswitch folding requires a good understanding of
what RNA secondary structures are and how they are predicted starting from
the sequences. In the following chapters we will introduce our riboswitch pro-
posed folding models. In Section 2.1 we shall introduce some basic notions
around the RNA secondary structure and the Nearest Neighbour Thermo-
dynamic Model (NNTM). Finally, a brief description of metrics for RNA
secondary structures is given.
2.1 RNA Secondary structure
In this work we will make an extensive use of RNA secondary structure pre-
diction; RNA secondary structure is defined as the set of interaction between
bases, occurring when RNA fold between complementary region [49]. For-
mally, we can define an RNA secondary structure V of a sequence x, having
length n, as the set of base pairs (i, j), i < j such that:
• (i, j) ∈ V means that (xi, xj) is either a Watson-Crick (AU,CG) or a
Wobble (GU) base-pair.
• every sequence position, corresponding to a base xi could take place in
at most one base-pair.
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• (i, j) ∈ V is possible only if |j − i| ≥ 4 such that an hairpin must be
made of at least three unpaired bases.
• if (i, j) ∈ V and (k, l) ∈ V and i < k, then either i < j < k < l or i <
k < l < j; this condition prohibits knots or pseudoknots. Is important
to note that it may be relaxed, as a lot of structural prediction model
allows pseudoknots (See [64] for an example).
From a folding standpoint [77], RNA folding process has been often treated
as an hierarchical process in which the sequence determines the secondary
structure, which in turn, determines tertiary folding; this is due to the fact
that the energies involved in the formation of secondary structures are greater
than those involved in tertiary interactions, making energy contribution of
the secondary and tertiary structural elements separable. This simple model,
even being a very simplified one, constitutes the basis for the majority of RNA
structural prediction and analysis approaches.
Prediction of an RNA secondary structure [45] has been often regarded
as a thermodynamic problem, i.e. to find a set of base-pairing that give the
lowest free energy change in going from the unfolded to the folded state,
corresponding to the highest probable structure. Regarding the problem of
RNA folding as a thermodynamical one, and supposing to know the sequence
dependence of thermodynamics, would be in principle possible to treat the
problem considering analogy with a chemical equilibrium:
U ↔ F K = [F ]
[U ]
= e−∆G
0/RT
Where K is the equilibrium constant, describing the ratio between the con-
centration of folded F and unfolded L structures; R is the gas constant,
and T is the temperature in Kelvin. Thus, searching for the most probable
structure, corresponding to the lowest free energy change between unfolded
and folded states, ∆G0, has been often treated by the using of a dynamic
programming approach. The most common method that we will use in our
work, is the Free Energy Minimisation, based on a dynamic programming al-
gorithm, as proposed by Zucker et al. in 1981. Basically the algorithm search,
in the huge configuration space, for the structure with the lower Gibbs free
energy. Free energy ∆G0 is calculated by summing up the contributions due
to various nearest neighbour motifs that occurs in a structure. Parameters
has been calculated and altered during time from a lot of studies; the most
recent ones are from [44, 46].
CHAPTER 2. RNA STRUCTURE AND PREDICTION 16
CGAAA
G
G
C
C
C
G
G
A
CG
T
C
C
G
G
G
C
A
G
C
T
GTCCT
G
T
T
C
CG
G
A
A
T
A G
G A C G
G
C
T
A
G
C
C
G
G
T
T
C T T T C G G
G
A
G
C
C
G
C
C
C G
G
G
C
G
G
T
T
T
T
G
A
A
A
T
G
AAA
G
A
C
AA
A
CGG
TA
A
A
TG
G
G
G
C
T G
G
A T T A
C
T
A T
G
T
A
T
 
 
5
3
Paired
Unpaired
 
 
1
5
10
15
20
25
3035
40
45
50
55
60
65
70
75
80
85
90
95 100
105
110
115
120
125
Paired
Unpaired
Figure 2.1: Diagram[top] and mathematical graph[down] representation of
an RNA structure.
A few words on notation
The Dot-Bracket Notation (DBN), one of the most popular nota-
tions to describe the secondary structure in RNA, makes use of specially-
formatted strings.
Example : (((..((((...)))).)))
Each pairing between base i and base j is represented by two characters
in the string, i.e. a ’(’ at position i and a ’)’ at position j. Unpaired
bases are represented by dots.
The structure in the example can be visualised as follows:
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Pairings in pseudoknots, wherever present, are described by ’[’ and ’]’.
2.1.1 Structural Motifs
RNA secondary structures present a certain number of characteristic ele-
ments (See Figure 2.2). Following [91] we can briefly define RNA motifs in
computational useful terms; faces could be defined as planar regions of a
graph1 bounded on all sides by edges, (See Figure 2.1) where exterior edges
are the N-1 arcs of the semicircle between the basis and interior edges are
chords joining bases. We can identify a series of patterns:
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Figure 2.2: Example of RNA secondary structure elements. See text for
description.
• A face with a single interior edge is called hairpin loop.
1A graph is a simple schematic representation of RNA structure
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• A face with two interior edges, separated by single exterior edges on
both sizes, is called stacking region or stem loop.
• A bulge loop is a face with two interior edges separated by a single
exterior edge on one side, but more then one on the other side.
• A face with two interior edges, separated by more then one exterior
edge on both sides is called interior loop.
• Finally, a bifurcation loop or multi-loop, is a face with three or more
interior edges.
2.2 Metric of RNA secondary structures
Description of similarity between RNA structures, as well as secondary struc-
tures clustering, obviously require definition of a proper metric. In the last
decades a lot of metrics for RNA secondary structures have been proposed
(See [50] for a mathematical description of some of them); the base-pair
distance is likely the most popular, and one of the most used (See Subsec-
tion 2.2.1). Other metrics will be proposed in following subsections.
2.2.1 Base Pair Distance
A useful concept in RNA secondary structure analysis is the concept of base-
pair distance (Figure 2.3). Base-pair distance was one of the first defined
distances between secondary structures, and one of the most used so far; the
base-pair (BP or bp henceforth) metric is based on the number of total base
pairs that occur in a structure, but not in an other.
However, while being simple to understand and to compute, and being
so diffuse, it presents a low discriminative power. Furthermore, for diverse
length structures the use is not recommended.
Remember that other bp-distance definitions are possible. For example, see
relaxed base-pair (RBP) distance [1]. For our scopes we have used RNAdis-
tance from ViennaRNA Package [38], and, when possible, we have defined
our empirical metric.
2.2.2 Alignment distance
Despite its popularity, the bp-distance suffers from lack of flexibility; a single
base-pair shift for all the nucleotides in an helix would lead to a larger bp-
distance, while the two structures are obviously extremely similar. Other
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Figure 2.3: Example of base-pair distances between various similar sub-
structures.
Reproduced from [59] under Creative Common License.
solutions, like RNA abstract shapes [26] could potentially give better insights
into RNA secondary structure distances.
In this work, we have proposed and employed a sort of alignment distance.
The very basic idea is to consider the scoring of the global alignment (i.e.
the best score of all possible alignment) between two alternative secondary
structures, expressed in the dot bracket notation; alignment between either
nucleotides or protein sequences is a widely known problem in Bioinformatics
and a lot of dynamic programming algorithms exist, like the one proposed
by Needelman and Wunsch [52], which evaluates the alignment in O(n2) in
time.
Chapter 3
Setting a Reference Dataset
piάντα χωρεῖ καὶ οὐδὲν μένει
Everything changes and nothing
stands still.
Heraclitus of Ephesus
Defining a set of elements on which the methods proposed in this thesis
will be tested is a key procedure to assure the reliability of the methods itself.
Indeed, is a key element in every scientific work.
The following sections encompass both the criteria used in the selection
of reference sequences, and a brief description of the whole dataset.
3.1 Dataset Selection Criteria
The first part of our study required a lot of a priori knowledge about both
the ligand-bound and ligand-unbound aptamer’s structure and the precise
pattern of interactions between ligand and aptamer; in the following, by
knowledge of precise pattern of interaction between ligand and aptamer, we
define knowledge of the hydrogen bonding interaction pattern only.
Furthermore, switching sequences evaluations required the knowledge of the
complete structures, i.e. aptamer and expression platform, in both the ON
and OFF states.
The availability of such crystallographic structures as well as the ability to
individuate switching sequences, lead us to the choice of the current set of
sequences.
Our choice primarily relies on the set defined in previous works done by
Quarta et al. [59]; the set encompassed diverse classes of riboswitches, as
20
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found in the Rfam1 database [51]. Ten sequences from seven diverse families
have been selected in their work. Moreover two sequences in the set have
been proven to fold using pseudoknot.
Furthermore, we have added other various classes, plus VEGFA [60],
which has been called “the first described human riboswitch” even if it is
not a “proper” riboswitch. Three new classes, plus the above mentioned
VEGFA have been introduced in the dataset. Eventually, five non coding
sequences, have been added to the dataset.
Despite indubitably limited, our set encompasses both ten of the most
widespread riboswitch families the three most diffuse gene regulation mech-
anisms. So we are confident that it might represent a good trade-off between
the need of relying on very detailed information, and on the widest possible
set of cases.
3.2 Description
The wide variety of ligands that riboswitches are able to recognise, despite
being built out of just four basics building blocks, never stops to surprise us.
They are able to sense purines and their derivatives, a plethora of protein
co-enzymes and related compounds, amino acids, a phosphorilated sugar
(GlnN6P), and even ions.
Probably the most common riboswitch class is the one which recognise
Thiamine Pyrophosphate (TPP), with more than 2000 occurrences in the
genome of 700 bacterial species (Figure 1.2 and [10]). Furthermore members
of TPP-binding riboswitch class have been found in all three kingdom of life
[81]. Eventually TPP riboswitches in bacteria has been characterised as tar-
gets for the antimicrobial compound Pyrithiamine [72]. These consideration
leads to inclusion of three validated riboswitch sequence for the TPP class,
encompassing the three most common regulation mechanism: transcription
termination, translation inhibition and alternative splicing regulation. TPP
riboswitch aptamer is composed of a 3-way junction, comprising two sensor
helix arms (P2/3 and P4/5) and a switch helix P1, all stemming from a cen-
tral junction [4]. P3 helix size have been proven to vary consistently between
species and genes.
Purine riboswitch aptamers have been widely reviewed in literature [7, 36,
62, 83]. They are usually based on the above mentioned 3-way junction,
while being significantly smaller in size. All the purine aptamers present
1The Rfam database is a collection of RNA sequence families of structural RNAs includ-
ing non-coding RNA genes as well as cis-regulatory elements. Each family is represented
by multiple sequence alignments and covariance models (CMs).
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Table 3.1: Riboswitch classes
Riboswitch Class: Sequence From: Mechanism:
Thiamine Pyrophosphate tenA Bacillus subtilis Transcription
Thiamine Pyrophosphate thiM Escherichia coli Translation
Adenine add Adenine Vibrio vul-
nificus
Translation
Guanine xpt Bacillus subtilis Transcription
Adenine pbuE (ydhL) Bacillus
subtilis
Transcription
Magnesium mgtE Bacillus Subtilis Transcription
Cyclic-di-Guanosine
Monophosphate
Candidatus Desolforusis
audaxiviator
Transcription
Molibdenum Cofactor moaA Escherichia coli Translation
Pre-Queosine Fusobacterium nucleatum Transcription
S-adenosylmethionine metI Bacillus subtilis Transcription
Lysine lysC Bacillus subtilis Transcription
Heterogeneous nuclear ri-
bonucleoprotein L
VEGFA Homo sapiens Alternative Splicing
Thiamine Pyrophosphate thiC Arabidopsis thaliana Alternative Splicing
Tetrahydrofolate folT Alkaliphilus metal-
liredigens
Translation
S-adenosylhomocisteine metH Dechloromonas
aromatica
Transcription
The table summarise our dataset. Riboswiches have been characterised by
the ligand they bind. For every riboswitch in the set we chose a particular
structure from a region of a organism.
Further information about ligand binding sites and switching sequences are
given in Appendix A
a very similar pattern, and indeed, ligand binding between riboswitch and
adenine or guanine ligands is only distinguished thanks to a C instead of
a U. We studied both Guanine and Adenine riboswitches, acting either via
transcription termination or translation modulation. Finally pbuE Adenine
riboswitch aptamer (from Bacillus subtilis) have been studied, by the means
of a optical trapping assay, during a co-trascriptional folding [24].
A highly conserved RNA motif located upstream of genes involved in molyb-
denum cofactor (Moco hereafter) metabolism have been identified recently
[61]; this riboswitch has not been experimentally validated yet. Furthermore,
while not being introduced in our study, candidate tungsten cofactor (Tuco)
riboswitches have been identified.
Some riboswitches have been proposed to sense ions. While ions, and specif-
ically Mg2+, may contribute to ligand binding, compensating the charge of
negative groups of the ligand, they are directly sensed by a riboswitch (pre-
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viously called M-box), regulating genes involved in Mg2+ homoeostasis [14].
Up to six divalent ions are involved in interactions with the aptamer to in-
duce a conformational switching.
Riboswitches are even able to sense amino acids. The L-box motifs is an
highily conserved mRNA domain responsible for undergoing allosteric rear-
rangement upon Lysine binding. Previous studies demonstrate changes in
cleavage patterns due to increment in L-lysine concentration [73] in lysC re-
gion of Bacillus subtilis, showing presence of a riboswitch.
Tetrahydrofolate (THF) riboswitch has been identified by comparative se-
quence analysis [2] and its crystal structure has been obtained one year later
[79]. It is built around a 3-way junction and, interesting, THF riboswitch
presents two ligand binding sites within a single structured domain. Again,
since folate metabolism enzyme serve as major antibacterial drug target,
THF riboswitches could serve as drug target for folate coenzime manipula-
tion in bacteria.
A wide number of riboswitch classes, at least five, exists that bind S-adenosyl-
methionine (SAM) or its derivative S-adenosylhomocisteine (SAH) [10]. The
fact that a wide number of entirely different structures have evolved to bind
the same ligand, strongly supports the idea that no correlations exist between
ligand and aptamer’s type of architecture. Furthermore SAM have been pro-
posed to be a relic from an RNA world, where a ribozyme to synthesise the
compound, made up of an aptamer part, would have needed.
3.2.1 VEGFA, the First Human Riboswitch
To date only one human riboswitch has been identified; this RNA switch
lies in the 3’ UTR of human vascular endothelial grow factor-A (VEGFA)
and regulates VEGFA translation in myeloid cells [60]. Strictly speaking
however, this RNA switch is not a proper riboswitch, because is metabolite
independent, and the conformational change is dictated by mutually exclu-
sive, stimulus-dependent, binding of proteins. According to Ray et al. [60]
the switchable mRNA can bind two different complexes, GAIT or hnRNP
L. The binding of one induces a specific conformation that precludes bind-
ing of the other. Which factor is bound depends on environmental signals
indicating inflammatory and hypoxic status.
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3.2.2 Non-coding RNAs as negative controls
Several ncRNA sequences, i.e. functional RNAs that are not translated intro
proteins, which do not show any riboswitch functions, were added to our
dataset, given the necessity of a small, reliable, set of negative controls. The
first two entries have been taken from Quarta et al. [59], additional material.
The others were carefully selected from the above mentioned Rfam database
to encompass a wide number of non riboswitch families. The only imposed
constraint regarded sequence length: we impose sequence lengths between
50 and 300 nucleotides. This is due both to decreasing of accuracy of RNA
folding with length and the exponential increase of the number of suboptimal
folding.
Table 3.3: ncRNA Classes
Non Coding Class: Sequence From: Function:
MS2_RNA MS2 Bacteriophage
virus
5’ uRNA of MS2 Virus
Genome
MDV_1_RNA Escherichia coli uRNA from MDV-1
5S_rRNA Aegilopsis crassa 5S ribosomal RNA
tRNA Escherichia coli Transfert RNA
IRES_Pesti Hog cholera virus Internal ribosome entry
site (IRES) of the pes-
tiviruses.
The table summarise non coding RNA (ncRNA) added to the dataset, to
verify the reliability of our model.
Part II
Proposed Models
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Chapter 4
Use of Energy Offsets in
Modelling Riboswitches
Architecture
There are two possible
outcomes: if the result confirms
the hypothesis, then you’ve
made a measurement. If the
result is contrary to the
hypothesis, then you’ve made a
discovery.
Enrico Fermi
In the following sections we will propose a simple model for riboswitch
conformational switching, based on mimicking ligand binding; we will show
how this method works and the limits of this approach.
4.1 Modelling Effect of Ligand Binding
The main idea behind the proposed model of folding is to reproduce the ef-
fect of the presence/absence of the ligand by altering the contributions to
the overall free energy from neighbouring nucleotides; this can be done by
assigning specific energy offsets to single-stranded nucleotides, so to properly
modify the thermodynamic landscape. In a nutshell, single strand offsets
(SSOs henceforth) are energy offsets assigned to particular single-stranded
nucleotides; in other words we are pushing certain nucleotides to be single
stranded, considering the fact that, in the bound structure, they must inter-
act with the ligand (See Figure 4.1).
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Eventually folding the sequence without offsets would lead to the unbound
structure, while folding the sequence applying offsets would lead to the bound
one.
Figure 4.1: Example of interaction between aptamer and ligand. Both hy-
drogen bonding pattern, (figure b) and structure of a ligand binding pocket
(figure c) contribution are shown.
Guanine riboswitches, reproduced from [7]
This approach has been suggested by the fact that the main contribution
to ligand recognition and binding is due to the direct hydrogen bonding pat-
tern [55] between riboswitch heteroatoms1 and the ligand. However, this is a
very simplistic assumption because a lot of other factors,as described in Sec-
tion 1.2, are not taken into account. In addition, just to consider the ligand
effect, also van der Waals interactions have been neglected in this model.
From a quantitative standpoint, according to several studies [75, 80], the con-
tribution to Gibbs free energy due to a hydrogen bond for a single base-pair
is in the order of -0.5 to -1.9 kcal/mol; this value depends not only from the
nucleotide composing the pair, but seems to be highly sequence-dependent.
In our approximation we took this value as sequence-independent and, ac-
cording our tests, -1 kcal/mol looks like a good approximation: although
higher values provide better results in forcing a base to be single-stranded,
1Any atom that is not carbon or hydrogen
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they lead to an unrealistic estimation of the energy for the whole structure.
Furthermore, the specific nucleotide that interacts with the ligand must be
precisely identified and located, thus the crystallographic structure of the
aptamer-ligand compound must be available. However, the fact that ligand
interacting nucleotides in the aptamer are strongly conserved suggests a series
of considerations about the identification of ligand-interacting nucleotides in
riboswitches families.
4.2 A Dynamic Problem
In riboswitch folding modelling, methodological problems are particularly
challenging; the Zuker et al. algorithm [91], based on a thermodynamic ap-
proach, is not able to catch the kinetic trapping event that emerges during
the folding process (see Section 1.3 for a brief discussion of the problem).
This means, briefly speaking, that the result of a structure prediction (MFE
structure, corresponding to a free energy minimum), without even introduc-
ing the ligand effect might be the structure that, in vivo, is present only in
case of ligand binding; in other words, the ligand competent structure might
be the MFE one, albeit, in consequence of co-transcriptional folding, might
not develop without a sufficient ligand concentration. Indeed, for most of
the riboswitches in our dataset (See Appendix A), the MFE structure is the
bound one.
This means that a straightforward offsets approach, in which energy offsets
are related to specific aptamer SSOs nucleotides, must be amended to include
kinetic trapping of metastable states.
To overcome this limitations, our approach exploits the so-called downhill
folding window, that became noticeable at specific sequence lengths in the
energy landscape, as proposed by Quarta et al. [59]. It corresponds to a
structure isomerization towards the unbound state along the folding process
(whereas the ligand is not present). So, upon the identification of the window,
the following approach can be applied, as we will describe in the next section:
1. Given the sequence length for the downhill folding window (indicated
by lind) we fold sub-sequence s[0 : lind] with and without applying
offsets, obtaining two sub-structures, called Su and Sb, where u and b
refer to unbound and bound state (remember that offsets mimic ligand
binding such that offsetted structures must predict bound one).
2. Predicting the complete UNBOUND structure is then as simple as
folding the entire sequence, constraining the sub-sequence s[0 : lind]
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Figure 4.2: MFE structure of the tenA_TPP riboswitch from Bacillus Sub-
tilis. Note the terminator hairpin. As stated in Text in not negligible number
of cases, the minimum free energy structure correspond to the ligand bound
one.
to assume the sub-structure obtained before without offsets, Sb, while
leaving free the remaining sequence.
3. For the BOUND structure, we fold the whole sequence, constraining the
subsequence s[0 : lind] to assume the sub-structure obtained before with
offsets Sb, while leaving free the remaining sequence.(See Appendix B
for further description of the methods).
Is import to note, however, that although kinetically driven riboswitches
exhibit a time-limited window for ligand-binding during co-transcriptional
folding, thermodynamically driven riboswitches does not necessarily relay on
this mechanism to obtain a properly folded structure. This will be further
evaluated in the Results chapter.
4.3 In Search of Downhill Folding Windows
As explained before, our approach relies on the so-called downhill folding
window, i.e. specific sequence lengths, during co-transcriptional folding, in
which the energy landscape favours low energy structure with a specific func-
tion on gene control. “Formally”, downhill folding window has been defined
as “five or more consecutive nucleotides displaying similar funnel landscapes”
[59], during the generation of energy landscape for growing sequence length
(Please refer to Quarta et al. [58, 59], for greater details).
During the folding process, at sequence lengths corresponding to the down-
hill folding window, in absence of ligand, the structure isomerize toward the
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unbound one and, thanks to trapping of metastable intermediates, so re-
main until the folding completes. Contrarily, if the ligand interact with the
aptamer before than the transcription has reached the downhill folding win-
dow, the bound structure is stabilised and the isomerization won’t occur. In
a thermodynamic folding simulation however, the co-transcriptional folding
process is neglected, and kinetic trapping could be lost; to partially consider
this aspect we have tried to identify downhill folding window, folding sub-
sequences from length zero to the whole length, and displaying differences2
between adjoining sub-sequences structure; this may be explained given the
fact that isomerization leads to a huge base pair difference.
As in Figure 4.3 we choose to evaluate both relative and absolute bp-distances
to further analyse which one gives better performances.
0 20 40 60 80 100 120 140 160
Seq Length
0
10
20
30
40
50
60
70
80
B
P
 d
if
fe
re
n
ce
Differences, seq: ECOL_thiM_TPP
Absolute
Relative
Figure 4.3: Base Pairs difference between adjacent sub-sequence for the
thiM_TPP riboswitch from Escherichia coli. Absolute and relative differ-
ences between adjacent structure(differing for one terminal nucleotide) are
shown. In previous works [59], downhill folding window has been found for
lengths of 132-138 nt.
2Base pair distance refer to the number of base pair that must be broken or formed to
make the two structure equal.
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From the differences array we have searched for the maximum and we
have considered the corresponding index as representative of lind. For the
absolute differences, downhill folding window index is computed as follow:
i | bp(Si, Si+1) = maxi bp(Si, Si+1) i = 0, ., seqlen (4.1)
where bp() represent the base pair difference function, and Si stays for the
MFE structure of the subsequence 0....i. In the case of the relative difference
bp() is divided for the index i and multiplied by the sequence length.
We have chosen a simple identification, with respect to the clustering
analysis for growing sequence lengths (as done by Quarta et al.), aiming
to a fast procedure, without needing to sample a Boltzmann ensemble an
doing some clustering procedure, for growing chains, which may be very
time consuming.
4.4 Precision in Downhill Folding Individuation
Previously we have defined a process useful for individuating the downhill
folding window for various riboswitches as simply as finding the maximum of
a function computed between adjacent substructures. In Table 4.1 we have
summarised result for a subset of our dataset, comparing our result with the
ones proposed before on the basis of a clustering method of the folding energy
landscape [59].
For a wide number of riboswitches, apart from minor differences, results
Table 4.1: Evaluation of downhill folding window search process
Riboswitch: Absolute
Max.
Relative Max. Literature
values [59]
tenA_TPP 168 150 172-179
thiM_TPP 136 47 132-138
add_Adenine 123 72 94-117
xpt_Guanine 146 41 150-163
pbuE_Adenine 93 50 113-120
mtgE_Magnesium 195 37 136-155
cdGMP_GEMM 121 121 131-144
moaA_Moco 144 40 115-124
FNUM_PREQ1 54 54 47-52
seems to match well. We would like to suggest that a difference of 2 to 4 nt (in
the order of 2%) might be a reasonably negligible error, considering the fact
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that a downhill folding window is an empirically defined object, estimated
on a clustering of the structures ensemble. Therefore this may represent a
support for our downhill folding window identification approach. It has to be
considered that our approach was aimed at individuating a specific sequence
length, representative of the isomerization process, not a proper window.
In Table 4.1 two indexes have been proposed based either on the relative or
the absolute vale of the function given before. As could be easily seen in the
table, the relative index does not really give useful information, while the
absolute one seems able to give precious information.
4.5 Offset-based Prediction
As said before (Section 4.1), our first approach was based on the idea of
mimicking ligand binding in the aptamer by exploiting knowledge of the ap-
tamer’s nucleotides involved in ligand binding. Widely extended knowledge
of the interactions, for a certain number of riboswitches, have been obtained
in a wide number of studies [7, 62, 72, 76] and have been summarised in
Chapter 3 (See also Appendix A). What has to be noted is that a discrete
uncertainty, related to a reduction to hydrogen bonding pattern only, exists
and could potentially lead to some prediction limit in certain cases.
For novel discovered riboswitches, for which aptamer structure is not known,
prediction could be made on the basis of the high conservation of ligand-
interacting nucleotides of the aptamer [10]. Highly evolutionary conservation
could be related to the high specificity on ligand recognition coupled with
the limited alphabet of RNA (e.g only one nucleotide, in one position, leads
to differentiation between adenine and guanine sensor [55]).
In the first place we have chosen to test the reliability of the approach,
using perfect knowledge of the nucleotides interactions as well as of the down-
hill folding windows. If the results turn out to be significant, use of predicted
aptamer nucleotides interacting with the ligand will take place.
To characterise experimental results, we needed an accurate metric; bp-
distance (Section 2.2.1) was inappropriate for our study, because we were
primary interested in presence of structural elements involved in gene regu-
lation and not in a very precise base pairing pattern.
So, we have defined a simple empiric evaluation criterion; briefly speaking,
we have defined as a success a prediction in which a terminator hairpin is
present or absent in the case of transcription termination mechanism, or a
SD is sequestered or released in the case of translation inhibition. For other
cases, such as alternative splicing regulation in eukaryotes, the principle can
be easily extended, because it is usually based on a mechanism of sequestra-
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tion/release of alternative splicing sites. Furthermore a success in predicting
ligand competent structure requires the presence of an aptamer in a form
sufficient to guarantee a binding with the ligand.
Results are summarised in Table 4.3 (For images see Figures 4.4, 4.5).
Table 4.3: Evaluation of the approach using perfect knowledge of the switch-
ing sequence
Riboswitch: Results:
tenA_TPP Without offset correct BOUND structure is pre-
dicted, while offset predicts the UNBOUND one.
This seems strange.
thiM_TPP No offset seems to predict the correct Unbound struc-
ture, apart from minor problem. In the offsets struc-
ture the SD binding site is locked by the switching
sequence. This seems ok
add_Adenine No coherence. Bound one is the unbound,while the
unbound presents lots of error
xpt_Guanine No terminator in the bound structure, offsets are not
properly working. Lots of error in the unbound struc-
ture.
pbuE_Adenine Unbound structure presents no terminator hairpin,
and is equal to the bound one
mtgE_Magnesium Bound structure seems ok, presenting terminator
hairpin. However no differences in the unbound one
GEMM_CDA Structures are the same, with and without Offsets
preQ1 Needs pseudoknots which our algorithm doesn’t sup-
port yet. However offset seems to create large differ-
ences between the structures.
4.5.1 Quality of Results
In the majority of sequences from our dataset, the approach seems unable to
predict the right conformational rearrangement due to the ligand presence.
This is also true for a wide range of offsets values, and may represent a huge
obstacle in prediction of the correct structures using this method. Further-
more the error does not depend from an incorrect assessments of the downhill
folding window because, even introducing in the prediction values evaluated
before [59], results seems unable to reach our goals.
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Figure 4.4: Folding using the offsets knowledge for the first half of the
dataset. See table A.1
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Figure 4.5: Folding using the offsets knowledge for the second half of the
dataset. See table A.1
CHAPTER 4. ENERGY OFFSETS MODEL 36
Further analysis seems to point toward the fact that considering the lig-
and binding from a secondary structure base-pairing perspective only, could
not lead to a correct understanding of the riboswitches ligand-induced con-
formational rearrangement. Probably, the ability to coupling ligand-binding
to a regulatory outcome, i.e. to a conformational switch of the expression
platform, could not disregard tertiary structure of the aptamer.
4.6 Discussion
The result described before requires a brief dissertation, and could poten-
tially implicate consequence in riboswitches folding understanding. From
our results, an offsets approach, limited to secondary structure would not
be sufficient to induce a conformational switch. In other words, the hy-
drogen bonding pattern alone, without considering either tertiary structure
rearrangement or other effects, like negatively or positively charged group
recognition, stacking interactions and more, is not able to elicit a switching
response.
Even imposing a sort of kinetic approach, by considering the so-called down-
hill folding window, and so being able to consider the fact that ligand bind-
ing must happen in a specific time (or, abstracting, in a specific translation
length) window, the unpredictability of the folding process remains the same.
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Figure 4.6: pbuE_Adenine aptamer. In orange are highlighted tertiary inter-
action, formed in case of ligand binding. The P1 helix, and more precisely the
G•C base-pair, is considered the key element in structural switching [24, 27].
As described in text, tertiary contacts are considerably more stable than the
least-stable helix P1.
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Furthermore other studies have shown that, in contrast with the standard
picture of hierarchical folding, in some riboswitches tertiary and secondary
structure seems to have comparable energetic stability; in pbuE_Adenine
aptamer, tertiary contacts that pre-organise the adenine-competent state are
considerably more stable than the least-stable helix, P1, involved in regula-
tion of the switching behaviour of the riboswitches [27] (See Figure 4.6).
While our result are potentially corroborated and justified by such con-
siderations, we think that they are shredding light on the complexity and
potentially non reducibility of the riboswitch folding process.
As an example of complexity of interaction, TPP ligand have been proposed
[90]: the pyrimidine ring of TPP is recognised through stacking and forma-
tion of a base-pair like interaction with G40 while the central thiazole ring
of TPP makes only van der Waals interactions with the RNA. Ultimately,
the pyrophosphate of TPP is essential for recognition by the riboswitch. The
RNA does not recognise the pyrophosphate directly; rather, it binds it as
a chelate with two partially hydrated divalent cations. Indeed, most of the
interactions between RNA and pyrophosphate atoms are mediated by the
two divalent cations or by their hydration sphere.
Chapter 5
Exploiting the Switching
Sequence
Classical thermodynamics ... is
the only physical theory of
universal content which I am
convinced ... will never be
overthrown
Albert Einstein
Another approach we would like to suggest exploits the so-called switch-
ing sequence. The basic idea is related to the fact that, for the vast majority
of riboswitches, there exists a small region, called switching sequence, that
forms an alternate base-pairing pattern (upstream/downstream) in the ON
and OFF states [25], by virtue of which regulation is obtained. While usually
defined as the region of overlapping between aptamer and expression plat-
form domains [25], we have not assumed any restriction in the position of
this sequence.
In Section 5.3 we will show that, if the switching sequence is known, folding a
sequence may become a feasible task: folding a sequence and constraining the
switching sequence to pair with either upstream or downstream nucleotides
might be a way to describe the two alternative riboswitch structures. Iden-
tifying this sequence with a good precision might be gruelling; however, we
propose a small python script, working on a ensemble of structures sampled
from a riboswitch structural ensemble following a Boltzmann distribution
[19]. The script tries to identify the switching sequence making certain as-
sumption on its distribution. Eventually results will be evaluated in closing
sections.
38
CHAPTER 5. EXPLOITING THE SWITCHING SEQUENCE 39
5.1 A Thermodynamic View
On a pure thermodynamical standpoint we can describe the problem of se-
quence folding as follows: based on the thermodynamic equilibrium for a
determinate sequence S, a structure V , compatible with requirements de-
scribed in Section 2.1, has a probability:
PS(V ) =
e−ES(V )/RT
US
where ES(V ) is the free energy of the structure1 V for the sequence S, and US
is partition function for all admissible secondary structures for the sequence
S, which may be defined as follows:
US =
∑
V
e−ES(V )/RT
The equilibrium probability distribution for a certain sequence describes the
probability for every structure and thus characterises the ensemble. On the
base of algorithms proposed before [18, 19] is possible to extract a sample
representation of the Boltzmann ensemble; in our work we make use of RNA-
subopt program from ViennaRNA package [38]. Where not stated otherwise
we have chosen a sample of n = 1000 structures at T = 37◦.
5.2 Spotting out Switching Sequences
As said before, we would like to propose a simple approach for predicting ri-
boswitch conformational switching, without knowing nothing but the mRNA
sequence involved.
Switching sequence plays a central role in the structural switching, and might
be the key to exploit the conformational rearrangement. However, as noticed,
individuation of this sub-sequence, based on statistically consideration, might
be possible; studies have observed that Boltzmann ensembles of RNA struc-
tures usually exhibit multiple clusters, each one containing similar structures
[18, 19], as shown in Figure 5.1.
In addition some algorithms (see for example Sfold [17]), have been sug-
gesting the idea of ensemble centroid, or cluster centroid, as representative
structure, opposed to the MFE structure. According to their study [18], clus-
ter centroids are closer to the structure determined by comparative analysis
1For a description about how the energy of a structure is calculated, look at Ap-
pendix B.1
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than is the MFE.
In case of riboswitches, alternative clusters have been proven to represent
different structural conformation, that might elicit diverse gene regulation
functions [58, 59]. See Figure 5.1 for an example.
20 0 20 40 60 80 100 120
bp from MFE
55
50
45
40
35
30
25
E
n
e
rg
y
 [
kc
a
l/
m
o
l]
Clustering tenA_TPP
Figure 5.1: Example of energy landscape, where a sample of 1000 Boltzmann
weighted structures from tenA_TPP, were plotted in a energy vs. base pair
distance (w.r.t the MFE structure) plot. In the set were obtained two clusters
(highlighted in different colours in the figure), using a k-means algorithm,
roughly corresponding to the two alternative riboswitches conformation.
Clustering procedure uses a k-means algorithm with energy and base-pair
distances as features. Structure were obtained at 37◦ using RNAsubopt from
ViennaRNA Package [38].
Based on this simple facts, we might think of searching for a sub-sequence
that most likely form alternative base-pairing (either upstream or down-
stream) in the structural ensemble.
A brief algorithm pseudo-code description is given in Algorithm 1. See Text
for description of the various terms appearing in it.
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Algorithm 1 Searching for the switching sequence
Input: Ensemble of structures Se for a sequence
for j := winlenmin to winlenmax do
for i := 1 to len(seq) do
Calculate Score((i, j) and Score)(i, j) on the ensemble Se
Score(i, j) = Score((i, j) ∗ Score)(i, j)
end for
end for
i∗, j∗ | Score(i∗, j∗) = maxi,j Score(i, j)
return i∗,j∗
Se represent the ensemble of structures, i.e. contains the n sampled struc-
tures, and could be seen as a n ∗ len(seq) matrix.
Score((i, j) =
∑
k
scoring(Ske [i : i+ j],
′ (′∗j)
and:
Score)(i, j) =
∑
k
scoring(Ske [i : i+ j],
′ )′ ∗ j)
The scoring function is the following:
scoring(a, b) = sp ∗ sum(al == bl for al, bl in zip(a, b))
+ sn ∗ sum(al! = bl for al, bl in zip(a, b))
Tipical scoring values are: [
sp
sn
]
=
[
1
−0.3
]
Finally, as we will outline in Section 5.4, sampled ensemble might not
necessarily contains both structures.
5.3 Folding by Using the Switching Sequence
Before using estimated switching sequences to predict alternatives riboswitches
RNA structures, we have evaluated the feasibility of the approach assuming
the perfect knowledge of the switching sequences, extracted from the se-
quences known in our dataset (See Section A.2). Switching sequence data
were obtained from empirical analysis of structural and crystallographic in-
formation, and as we thought is important to point out, may not necessarily
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be unique.
We have chosen a subset of six sequences from our dataset and, as done
before (Section 4.5), we have defined a metric; we pointed out before that,
while being a formal description, base-pair difference might be not appropri-
ate to evaluate our approach; so at the risk of an excess of pragmatism we
have defined as a success a prediction which give rise to important feature
in gene regulation, like terminator hairpin, sequestration or release of RBS,
and so on. This is due to the fact that, rather than focusing on the correct
prediction of base pairs, we choose to evaluate the possibility of identifying
riboswitches essential features which, as we know, contribute to a proper
gene regulation function.
Results are summarised in Table 5.1 and extensively shown in Figures 5.2 and
5.3. Green highlighted nucleotides represents presumed switching sequences.
Table 5.1: Evaluation of the approach using perfect knowledge of the switch-
ing sequence
Riboswitch ON State OFF State
tenA_TPP No terminator Hairpin Formation of the correct
terminator hairpin
thiM_TPP Free SD Locked SD
add_Adenine Correct structure, apart
from minor error
Correct formation of the
SD sequestration hairpin
xpt_Guanine No terminator hairpin Terminator hairpin is
formed
pbuE_Adenine No terminator hairpin Terminator hairpin is
formed
mtgE_Magnesium No terminator hairpin Terminator hairpin is
formed
For 6 riboswitches, 6 OFF structure have been identified while only 5 ON
structures have been identified in the right manner, leading to a very good
results. However error in the prediction of the switching sequences may lead
to reduced precision in the full method. In the following sections we will
analyse how good switching sequence predictions could be, and how good
predicted structures are with respect to the ones predicted here.
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Figure 5.2: Folding using the switching sequence knowledge for the first half
of the dataset. See Table 5.1
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Figure 5.3: Folding using the switching sequence knowledge for the second
half of the dataset. See Table 5.1
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5.4 Considerations on Dealing with Switching
Sequences
Apart from the encouraging results obtained in folding using the knowledge
of the switching sequence, as outlined is the preceding section, we choose, for
riboswitches for which switching sequences were known, to study the distribu-
tion of the switching sequences in the structural ensemble. In other words we
would like to analyse how many times a structure assume one configuration,
either ligand competent or non ligand competent in the pool of Boltzmann
sampled structures; obviously in the ensemble a lot of other structures are
possible, which give rise to non functional mRNA conformation.
This could be head to better understand how the switching sequence could
be individuated in the sampled ensemble, obtained using RNAsubopt from
ViennaRNA [38].
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Figure 5.4: Outline of the distribution of the switching sequence in the
structural ensemble obtained using RNAsubopt from ViennaRNA package
[38]. Upper plots show distribution of scoring of the switching sequence
(see Text), while lower images show distribution of states (bound upstream,
bound downstream, unbound) in the ensemble, for nucleotides composing the
switching sequences. (a) shows a riboswitch with a nearly ideal distribution,
while in (b) one of the functional structure is absent in the sampled ensemble.
In Figure 5.4 we have outlined both the distribution of the switching sequence
in the ensemble, and the distribution of the single nucleotides composing the
switching sequence, across the three possible states: bound upstream, bound
downstream, unbound.
The histograms were obtained, for a certain switching sequence position and
length, which were known for riboswitches in our dataset, scoring the sub-
structure for all the structures in the ensemble, assigning values from 1 (cor-
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responding to all bases bound upstream), to -1 (which would means all bases
bound downstream), and plotting score vs. number of structures having that
score.
Obviously in an ideal situation the histogram would have shown a situation
like Figure 5.4(a), with an histogram showing two peaks, having different
heights,in 1 and -1. The different heights comes from the fact the the bound
and unbound competent structures may have different prevalence in the en-
semble.
What Figure 5.4(b) shows however, is a lot less promising: for a even bigger
number of sequences in our dataset, switching sequence distribution shows
only one of the two interesting (from a riboswitch switching perspective)
structures, leading us to the consideration that, in some cases, one of the
two functional states is absent in the Boltzmann sampled ensemble. To
better understand the point look at Figure 5.5: as said before not all sam-
pled ensembles show both structural switching state (corresponding to blue
and red colour) despite being subdivided in clusters (different markers, x
and full dots); to be fair, however, the average silhouette of the second
set is low[0.195], showing less reliable classification. Nonetheless, some ri-
boswitches ensemble shows very good clustering, while only one of the two
functional structure is present. The clustering procedure was done using a k-
medoids algorithm, based on pairwise base-pair distances between structures
in the ensemble.
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Figure 5.5: Clustering result, on two sampled structural ensemble, outlining
distribution of switching sequences, are shown. x and dots represents dif-
ferent clusters on the ensemble, obtained using a k-medoids algorithm, while
different colours represent different switching sequence distribution, which, as
we have proposed, correspond to different riboswitches functional states. (a)
shows two clusters corresponding to two diverse functional structures, while
(b), shows two clusters, pertaining to the same functional configuration.
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5.5 Identification, then Folding
As said in the previous sections, switching sequence identification method
have been shown to be impaired by the absence of certain configuration in
the Boltzmann sampled ensemble; however we tried to evaluate our approach,
expecting it to work at least for the riboswitches for which sampled ensemble
shows both ligand competent and non-ligand competent conformations; re-
sults (Table 5.3) show that, even for a certain number of sequences for which
switching sequence evaluation did not give promising results, the approach
seems able to predict the two conformation in an higher than expected num-
ber of cases.
Is important to note, as stated elsewhere, that switching sequence is not a
formally defined object nor is necessarily unique; in other words, sequences
proposed in Table A.2 might not be the right ones in help predicting confor-
mational switching.
Table 5.3: Information about the predicted switching sequences
Riboswitch Gene Regula-
tion Mecha-
nism
Proposed
Switching
Sequence
Predicted
Switching
Sequence
Prediction
Work?
tenA_TPP Transcription 112 - 9 152 - 8 YES
thiM_TPP Translation 100 - 4 98 - 10 YES
add_Adenine Translation 75 - 9 68 - 10 OK
xpt_Guanine Transcription 123 - 12 78 - 10 Partially
pbuE_Adenine Transcription 55 - 12 46 - 10 Partially
mtgE_MG Transcription 152 - 5 104 - 10 NO
cdGMP_GEMM Transcription N.D. N.D. -
moaA_Moco Translation N.D. N.D. -
FNUC_PREQ1 Transcription N.D. N.D. -
metI_SAM Transcription 155 - 9 60 - 10 NO
lysC_Lysine Transcription 173 - 10 112 - 10 NO
VEGFA Alternative
Splicing
73 - 9 109-8 NO
thiC_TPP Alternative
Splicing
107 - 10 75-10
folT_THF Translation 93 - 8 97 - 10 YES
metH_SAH Transcription 58 - 6 43 - 10 YES
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5.6 Discussion
As our results pointed out, while the principle of switching sequence con-
straining seems to work, the problem is mainly related to limitation in Boltz-
mann sampling of the structural ensemble; the vast majority of riboswitches
show a sampled ensemble containing only one of the two functional diverse
structures. Our research suggests that energy contribution of the ligand
is such that if neglected, will ultimately lead to lose representation of the
structure in the the Boltzmann ensemble. What does energy contribution
means, in this context, is energetic displacement between the same struc-
ture in presence and absence of ligand stabilisation. The subset on which
the switching sequence search works is characterised by a reduced energy
displacement between the two conformation. Obviously, the greater is the
energy distance from the MFE, the lower is the sampling with a Boltzmann
distribution. From a structural rearrangement standpoint, the riboswitch
classification based on the scale of the rearrangement [4] could be useful.
Concluding, what has been pointed out before [12] for other thermodynamics-
based or SCFG-entropy methods [42], i.e conformational switching between
kinetically trapped structures could not be detectable following these meth-
ods, is still valid for our switching sequence proposal, which is obviously
based on a thermodynamic-sampling of the ensemble. Further consideration
are highlighted in Chapter 8.
CHAPTER 5. EXPLOITING THE SWITCHING SEQUENCE 49
5.7 Algorithm Flow Chart
Figure 5.6: Figure show flow chart of the proposed algorithm. Presence of
a series of reliability indices, evaluated either from clustering procedures or
from output structures analysis has been outlined (See Example of program
output in Appendix C).
Chapter 6
Tools and Computational
Analysis
Hofstadter’s Law: It always
takes longer than you expect,
even when you take into account
Hofstadter’s Law.
Douglas Hofstadter, Gödel,
Escher, Bach: An Eternal
Golden Braid
Several tools, software and programming languages have been used during
this work. Brief description will follow, as well as an analysis of computa-
tional execution time of the proposed model.
6.1 Analysis of Execution Times
A brief analysis of execution times of the proposed switching sequence model
have been done. Execution times, both as function of sequence length (while
keeping ensemble size fixed) and as function of ensemble size (on a single
sequence) have been computed, and are shown in Table 6.1 and in Figures 6.1
and 6.2.[Execution times have been computed on a i5 4250U. CPU clock: 1.3 Ghz base
speed, with turbo Boost at 2.6 Ghz single core and 2,3 Ghz multi core].
Graphs show that, at least for nucleotide lengths comprised between 100
and 250 nt, time growth is approximately linear. This could be explained
by the fact that our switching sequence searching algorithm work in O(n)
in time; despite the fact that suboptimal sampling requires O(n4) [19], for
lengths encompassing riboswitch sequences, the vast majority of time is spent
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in computing switching sequence, i.e. scoring on the sampled ensemble,
rather than in the sampling itself.
Table 6.1: Execution Time Table
Riboswitch: Length: n=1000: n=3000 n=5000 n=10000
pbuE_Adenine 107 12,704
metH_SAH 111 13,347
ECOL_MOCO 134 15,061
add_Adenine 147 16,027
tenA_TPP 190 19,804 59,887 102,292 201,515
mtgE_MG 213 21,268
lysC_Lysine 243 25,309
The above table summarise execution times for diverse sequences from our
dataset.
Execution Time (Without Clustering and Plotting)
n =1000 n = 3000 n = 5000 n = 10000
pbuE_Adenine 107 12,704
metH_SAH 111 13,347
ECOL_Moco 134 15,061
add_Adenine 147 16,027
tenA_TPP 190 19,804 59,887 102,292 201,515
mtgE_Mg 213 21,268
lysC_Lysine 243 25,309
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Figure 6.1: Execution Time, as function of sequence length, in nucleotides
number. Ensemble size fixed with n = 1000 nt.
Eventually, time computed and shown in figures, regard the time needed
to compute the switching sequence only; time needed to compute clustering,
plotting structures and clusters, and to build up performance indices have
been removed from the following analysis.
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Execution Time (Without Clustering and Plotting)
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Figure 6.2: Execution Time, as function of ensemble size.
6.2 ViennaRNA Package
ViennaRNA Package [38], consisting of a C code library and several stand-
alone programs for the prediction and comparison of RNA secondary struc-
tures, have been widely used along this thesis for predicting mfe structure
(RNAfold), suboptimal sampling (RNAsubopt), evaluating energy of sec-
ondary structures (RNAeval), and measuring distances between secondary
structures (RNAdistance). Furthermore, the core of ViennaRNA package,
formed of a collection of C routines, can be easily embedded in a Python
wrapper and used within Python scripts. For performances description see
http://www.tbi.univie.ac.at/RNA/performance.
6.3 RNAstructure
RNAstructure is another powerful package for RNA and DNA secondary
structure prediction and analysis, created by Mathews et al. [43]. The great-
est feature we have been using is the ability to introduce both double or
single strand offsets during folding1. This feature has been widely used in
offset modelling (See Chapter 4), to mimic effect of ligand binding.
1COMMAND:
-sso, -SSO, –singleOffset Specify a single-stranded offset file, which adds energy bonuses
to particular single-stranded nucleotides. Default is to have no single-stranded offset spec-
ified.
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6.4 Python
Python (www.python.org) is a widely used high-level multi-paradigm pro-
gramming language created by Guido van Rossum. Python scripts have
been ubiquitously used within this work, both for gluing various code and
for algorithms implementation. Numpy, as well as SciPy, scikit-learn [53],
and matplotlib are necessary to run our scripts. Finally a python wrapped
version of ViennaRNA library (compiled from ViennaRNA sources) has been
shown to be necessary. A series of scripts which, in our opinion, have been
shown to be extremely useful in RNA structure analysis are collected in Ap-
pendix D.
6.5 Plotting Secondary Structures
RNA secondary structure plotting has been done using both VARNA and
rnaplot function from MATLAB2 bioinformatics toolbox. VARNA (Visu-
alisation Applet for RNA) [15], is a open source java Applet dedicated to
drawing of RNA secondary structure. Is an extremely capable tool that
produce very nice figures.
Where necessary tertiary structures plotting were done by the use of
PyMOL [67], while some tertiary structure predictions, on the base of the
primary and secondary structures have been made using RNAComposer [56].
2MATLAB is a registered trademark of The MathWorks, Inc.
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Chapter 7
Model Evaluation
If you would be a real seeker
after truth, it is necessary that
at least once in your life you
doubt, as far as possible, all
things.
Renè Descartes
Eventually the switching sequence model proposed in Chapter 5 have
been tested on the full set of sequences composing our test set proposed in
Chapter 3 (further information in Appendix A); a small number of functional
non riboswitch ncRNA have been added to the set.
7.1 Evaluation criteria
Aiming to define a set of formalised indices to assess the reliability of our
methods, we have defined two simple and clear parameters, representative
of transcription termination and SD sequestering respectively. Alternative
splicing would have required a more complex approach, coupled with an al-
ternative splicing site prediction for each sequence, so it has been neglected
so far.
Transcription termination was measured by looking for a specified pattern
in a structure, i.e. searching for a terminator hairpin. Presence or absence
of the hairpin would correspond to a score of 1 or 0 respectively. Speaking
of translation inhibition, we searched for a certain pattern into the sequence,
and measured the fraction of free (i.e. single stranded) nucleotides which
composes the switching sequence. Because our search is directed towards SD
pattern only, translation inhibition using this index could be only evaluated
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in prokaryotes. So, the greater is the index, the lower is the sequestering of
the SD site.
Furthermore, to assess proper discrimination versus non riboswitches se-
quences i.e., to evaluate specificity of our method, five ncRNA have been
added to the test set (see Table 7.1).
7.2 Results
Table 7.1: Final result with prediction
Riboswitch: S1 Term: S1 SD: S2 Term: S2 SD:
tenA_TPP 1 NO SD 0 NO SD
ECOL_thiM_TPP 0 0 0 3
add_Adenine 0 1 0 1
xpt_Guanine 1 NO SD 1 NO SD
pbuE_Adenine 1 NO SD 0 NO SD
mtgE_MG 0 NO SD 0 NO SD
GEMM_CDA 1 NO SD 0 NO SD
moaA_Moco 0 2 0 2
FNUC_PreQ1 0 NO SD 0 NO SD
metI_SAM 0 NO SD 0 NO SD
lysC_Lysine 1 NO SD 1 NO SD
VEGFA - - - -
thiC_TPP - - - -
folT_THF 0 NO SD 0 NO SD
metH_SAH 1 3 0 2
MS2_RNA 0 0 0 0
MDV_1_RNA 0 NO SD 0 NO SD
5S_rRNA 0 NO SD 0 NO SD
tRNA 0 NO SD 0 NO SD
IRES_Pesti 0 4 0 4
The above table summarise result obtained applying the complete switching
sequence method to the entire dataset. Here S1 and S2 represent the two
structures obtained and Term and SD column contain the indices. See text
for a description of the indices.
Green highlighted sequences do not represent riboswitches.
Results appear less than promising. Table 7.1 shows indices value for the
diverse elements on our set, while Table 7.2 shows the usually well known
sensitivity and specificity indices computed as shown below.
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Table 7.2: Prediction Outcome Table
Positive Condition Negative Condition
Test Positive 5 0
Test Negative 10 5
In table are shown predictive capability of the switching sequence model.
True positive(TP), True negative (TN), False positive (FP) and False nega-
tive(FN) represent cell values.
Following the simple formula for sensibility:
TRP =
TP
TP + FN
and specificity:
SPC =
TN
TN + FP
we have obtained a value of TRP = 0.33 for sensibility and SPC = 1.0 for
specificity. The values assumed by sensibility is an extremely poor one; while
expected, following the great extent to which simplification have been kept,
the model shows an extremely low predictive capability. What seems good
however, is the high specificity, despite the reduced sets of true negative: due
to the stringent classification criteria that have been defined above, prediction
of a riboswitch structural switching in absence of proper elements seem highly
improbable.
However, doing the calculus excluding both alternative splicing elements,
reduce to the following table:
Table 7.3: Prediction Outcome Table, corrected results
Positive Condition Negative Condition
Test Positive 5 0
Test Negative 8 5
leading to a value of: TRP = 0.38 and a SPC = 1.0 .
Chapter 8
Conclusion And Future Work
How could they see anything but
the shadows if they were never
allowed to move their heads?
Plato, The Allegory of the Cave
In this work an extensive analysis concerning riboswitches conformational
switching prediction took place. While several method for either suggesting
the presence of conformational switches, or for homologous riboswitch detec-
tion exist [12], we would like to predict the two riboswitch conformational
structures, using only knowledge about the sequences.
Various approaches have been proposed, tested and discussed on a small
dataset of validated riboswitch (Chapter 3, Tables A.1 and A.2); results ap-
pear limited, and the model seems able to predict only a subset of the whole
riboswitch world. Nevertheless we would like to suggest that, while being
significant per se, proposing various explanation to some of the large number
of open questions within riboswitch universe, our model could be emended
to include even a bigger number of riboswitches.
Starting from what we have called offsets approach, i.e. mimicking lig-
and binding introducing offsets related to specific single stranded nucleotides,
involved in ligand binding (information obtained by evaluating crystal struc-
ture obtained in previous studies), we have shown that information on the
hydrogen bonding pattern alone is not sufficient to grasp the switching mech-
anism. Neglecting either tertiary interactions and other forms of ligand bind-
ing effects, like Van Der Walls forces, ions coordination and so forth, we are
unable to grasp the core of the structural switching mechanism.
Following we have defined another approach, based on the so-called switch-
ing sequences ; firstly we have shown that knowledge of the switching sequence
alone leads to the possibility of obtaining the two functional conformation,
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imposing this information as folding constraints (Section 5.3). Later we have
proposed a procedure by which extraction of switching sequence from a sam-
pling of the Boltzmann ensemble of the structural conformation could be
done. On the base of our work, the model is mostly limited by the limited
representation of the sampled Boltzmann ensemble; given the previous con-
siderations, a model generalisation could be done extending the sampling
approach of the conformational space, leading sampling towards regions that
are currently under-sampled, and which contains one of the two functional
conformation. We would like to suggest that neglecting either the energy con-
tribution of the ligand and the the kinetic and co-transcriptionality of the
folding process would lead to a biased energy landscapes, in which probabil-
ity of structures, as calculated by thermodynamic approach, would not cor-
respond to reality of facts. One possible solution could be given by sampling
a biased ensemble, using an energy offset encompasses ligand contribution,
and restraining the structures to posses full aptamer domain.
8.1 An Expandable Approach
What have been proposed in this work primarily concerns riboswitches; what
we would like to say, however, is that the switching sequence approach could
be seen as a search, in the sampled conformational ensemble, for two mutu-
ally exclusive helices. Those helices characterise two diverse (hopefully even
from a functional perspective) structures.
It means that this method, apart from its obvious riboswitch applications,
could be used to predict, on a sequence, the presence of two diverse structural
conformation, even if not necessarily from a functional standpoint. Ther-
mosensors, T boxes, Riboregulators, etc, might be predicted using methods
proposed in this thesis.
8.2 Consideration on the Method
In Chapter 7 performances of the so-called switching sequence approach have
been evaluated. The sensitivity is somewhat poor. However the specificity
value is an extremely powerful one. This is due to the high constraints em-
ployed in defining a correct prediction, which obviously give rise to a good
non riboswitches rejection.
From this simple facts, and from the goals of our approach, i.e. the individ-
uation of the two functional structures in a riboswitch sequence, we would
like to suggest the use of the following method as an ancillary to the known
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methods used in riboswitch prediction (See Clote et al. [12]). Those methods,
either based on homology search or on conformational switch individuation,
could be used to define a pool of sequences on which our approach could be
used both to refine the set and to predict correct switching conformations.
8.3 Switching Sequence: an Interesting Result
Despite the poor performance of our approach, we would like to suggest the
importance of what have been obtained in Section 5.3. According to our
findings knowledge of the switching sequence is sufficient, for the vast ma-
jority of riboswitches, to induce a proper structural rearrangement, coherent
with the two functional states. Apart from the methodological limitations
we have found in identifying switching sequences, we think that it might be a
major result both in understanding riboswitch folding and in defining future
prediction approaches.
Further studies will follows, trying to extend this approach to a wider set
of riboswitches, including those which employ either pseudoknots or diverse
gene regulation mechanism such as alternative splicing.
Part IV
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Appendix A
Our Dataset
A.1 Aptamer Database
In the following tables VEGFA switches is included, while not being a proper
riboswitches, in the sense that it needs protein to work[60].
Table A.1: Riboswitch Dataset
Riboswitch From Mechanism Ligand Aptamer Fo-
cus1
tenA Bacillus Sub-
tilis
Kinetic TPP G39, G57, C89,
G92, G108,
C100, G110
[G59, A60]
thi_M Escherichia coli Kinetic TPP C15, G32, C49,
G52, G68, C69,
G70 [G34, A35]
add Bacillus Sub-
tilis
Thermodynamic Adenine U22, U47, U51,
U74
xpt Bacillus Sub-
tilis
Kinetic Guanine U22, U47, U51,
C74
pbuE Bacillus Sub-
tilis
Both Adenine U10, U35, U39,
U62
mge Bacillus Sub-
tilis
Kinetc Magnesium C83,G91,A139
| U8,A90,G84
| A54,A89 |
G6,A55,C147 |
A85,A87,A151
cdGMP Candidatus
Desolforusis
audaxiviator
Kinetic GEMM G20,
(C46,A48),
C92, (A47)
moA Escherichia
Coli
Kinetic Moco N.D.
PreQ1 Fusobacterium
Nucleatum
Kine/Therm Pre-Quosine C20
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metI Bacillus Sub-
tilis
Kinetic S-
adenosylmethionine
N.D.
lysC Bacillus Sub-
tilis
Kinetic Lysine G13, G14, C84,
G85, G118,
U144
VEGFA Human N.D. HNRNPL C6...U26
thiC Arabidopsis
Thaliana
N.D. TPP Like Other
TPPs
folT Alkaliphilus
Metalliredigens
N.D. THF U14, U42, U49
| U32, C60
metH Dechloromonas
aromatica
N.D SAH A39, G40, G41
Sequences references:
tenA_TPP: [72]
thiM_TPP: [76]
add_Adenine: [62]
xpt_Guanine: [7]
pbuE_Adenine: [62]
mtge_MG: [14]
cd_GMP: [70]
moaA_Moco: [61]
preQ1: [63]
metI_SAM [78]
lysC_Lysine [73, 68]
thiC_TPP [81, 71]
folT_THF [2, 79]
metH_SAH [22, 78, 82, 21]
1Stacking contributions are shown between pharenthesis.
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A.2 Database of switching sequence
In the following table has been epitomised knowledge for what that concern
switching sequences for our datasets. Is important to note that, for a part
of our datasets, switching sequence are empirically defined and may not be
unique. Concerning the notation,
Table A.2: Information about the switching sequences, as observed from
literature
Riboswitch Index Switching Sequence Notes
tenA_TPP 112 GGGAAGUGG From[72] in analogy with [86]
thiM_TPP 100 CUUC From[86]
add_Adenine 75 UAUGAAGUC Considering a portion of P1
helix, from[62]
xpt_Guanine 123 CAUUGCUUGCUC Extended from[7]
pbuE_Adenine 52 aaaaUCCUGauUACAA Graphical inspection, from
[62]
mtgE_Magnesium 152 GAAGG From [14]
cdGMP_GEMM N.D. N.D. Insufficient information
moaA_Moco N.D. N.D. Insufficient information
FNUC_PREQ1 N.D. N.D. Pseudoknotted architecture
metI_SAM 155 AAGAAGGGG From [78] FIG. 2, red high-
light
lysC_Lysine 173 UCUCGUUGUU From [73] Figure 5, orange
highlight
VEGFA 73 UAUAUAUAU From [60] Figure 4, graphical
inspection
thiC_TPP 107 ACCUGAACAG From [81] Figure 7, splice site
inspection
folT_THF 93 CACUGUCA From [2] Figure 2C, orange
highlight
metH_SAH 58 GGCGCU From [82] graphical inspection
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A.3 Sequence Database
>tenA_TPP
>gi|225184640:1242238-1242427 Bacillus subtilis subsp. Subtilis str. 168
complete genome
GCAGAACAATTCAATATGTATTCGTTTAACCACTAGGGGTGTCC
TTCATAAGGGCTGAGATAAAAGTGTGACTTTTAGACCCTCATAA
CTTGAACAGGTTCAGACCTGCGTAGGGAAGTGGAGCGGTATTTG
TGTTATTTTACTATGCCAATTCCAAACCACTTTTCCTTGCGGGAA
AGTGGTTTTTTTA
>ECOL_thiM_TPP
>dbj|AP009048.1|Escherichia coli str. K12 substr. W3110 DNA, complete
genome
ACGACTCGGGGTGCCCTTCTGCGTGAAGGCTGAGAAATACCCGT
ATCACCTGATCTGGATAATGCCAGCGTAGGGAAGTCACGGACCA
CCAGGTCATTGCTTCTTCACGTTATGGCAGGAGCAAACTATGCA
AGTCGACCTGCTGGGTTCA
>add_Adenine
>gi|37509038:1130426-1130651 Vibrio vulnificus YJ016 DNA, chromosome
II, complete sequence
TTCGGCGATCAACGCTTCATATAATCCTAATGATATGGTTTGGG
AGTTTCTACCAAGAGCCTTAAACTCTTGATTATGAAGTCTGTCG
CTTTATCCGAAATTTTATAAAGAGAAGACTCATGAATTACTTTG
ACCTGCCGAAGATCG
>xpt_Guanine
>gi|633168|emb|X83878.1|B.subtilis xpt and pbuX genes
AATATAATAGGAACACTCATATAATCGCGTGGATATGGCACGCA
AGTTTCTACCGGGCACCGTAAATGTCCGACTATGGGTGAGCAAT
GGAACCGCACGTGTACGGTTTTTTGTGATATCAGCATTGCTTGC
TCTTTATTTGAGCGGGCAATGCTTTTTTTA
>ydhL_pbuE_Adenine
>gi|1945083|dbj|D88802.1|Bacillus subtilis DNA for phoB-rrnE-groESL re-
gion, complete cds
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TCACTTGTATAACCTCAATAATATGGTTTGAGGGTGTCTACCAG
GAACCGTAAAATCCTGATTACAAAATTTGTTTATGACATTTTTT
GTAATCAGGATTTTTTTTA
>mgtE_Mg
>gi|225184640: 1395621-1395833 Bacillus subtilis subsp. Subtilis str. 168
complete genome
ACTTCGTTAGGTGAGGCTCCTGTATGGAGATACGCTGCTGCCCA
AAAATGTCCAAAGACGCCAATGGGTCAACAGAAATCATCGACAT
AAGGTGATTTTTAATGCAGCTGGATGCTTGTCCTATGCCATACA
GTGCTAAAGCTCTACGATTGAAGGCGCCCGCACGCTTTTTTTGC
CGTGCTTCTTTCACCTTCAATCCCGAAGGCTTTTTTT
>GEMM_CDA
>gi|169637063:c1860182-1860056 Candidatus Desulforudis audaxviator MP104C,
complete genome
CGAAAGGGCAAACCGGTACGAAAGTCCGGGACGCAAAGCTACGG
GTCCTTAAGTTCCATGGGGAATAGGACGGCTGAGCCGCTGGGGT
TATTACTTTCGCGGAGCCGCCCTATGGGGCGGTTTTTAT
>ECOL_Moco_moaA
>gi|294489418: 816533-816664 Escherichia coli IHE3034, complete genome
GGAACCACTAAACACTCTAGCCTCTGCACCTGGGTCAACTGATA
CGGTGCTTTGGCCGTGACAATGCTCGTAAAGATTGCCACCAGGG
CGAAGGAAGAAATGACTTCGCCTCCCGTATCTGGAAAGGTGTAC
AT
>FNUC_PREQ1
>gi|20095250:498154-498222 Fusobacterium nucleatum subsp. Nucleatum
ATCC 25586, complete genome
AGTAGATGTGCTAGCAAAACCATCTTTAAAAAACTAGACTTGGG
GTGCAAGTCCCCTTTTTTATTGCTT
>metI_SAM
>gi|225184640:1258192-1259613 Bacillus subtilis subsp. Subtilis str. 168
complete genome
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TCAGAAAATTGAAATCGATATTTCTTATCGTGAGAGGTGGAGGG
ACTGGCCCTTAGAAACCTCAGCAACCGGCTTGTTTTGCATTTGC
AAAGCGCCAAGGTGCTAAATCCAGCAAGCGTTTTTTATGCTTGG
AAGATAAGAAGAAGCGTTAAACCCCTTCTTCTTATGAAGAAGGG
GTTTTTA
>lysC_Lysine
>gi|225184640:2910872-2911051 Bacillus subtilis subsp. subtilis str. 168
complete genome
GGTGAAGATAGAGGTGCGAACTTCAAGAGTATGCCTTTGGAGAA
AGATGGATTCTGTGAAAAAGGCTGAAAGGGGAGCGTCGCCGAA
GCAAATAAAACCCCATCGGTATTATTTGCTGGCCGTGCATTGAA
TAAATGTAAGGCTGTCAAGAAATCATTTTCTTGGAGGGCTATCT
CGTTGTTCATAATCATTTATGATGATTAATTGATAAGCAATGAG
AGTATTCCTCTCATTGCTTTTTTT
>VEGF
>ENA|Y08736|Y08736.1 H.sapiens vegf gene, 3&apos;UTR
AGACACACCCACCCACATACATACATTTATATATATATATATTAT
ATATATATAAAAATAAATATCTCTATTTTATATATATAAAATATA
TATATTCTTTTTTTAAATTAACAGTGCTAATGTT
>thiC_TPP
>gb|AC005496.3|:78500-78640 Arabidopsis thaliana chromosome 2 clone T27A16
map mi54, complete sequence
GTGATTTGGTTGGTGAATTGACATGCAAAAGCACCAGGGGTGCT
TGAACCAGGATAGCCTGCGAAAAGGCGGGCTATCCGGGACCAGG
CTGAGAAAGTCCCTTTGAACCTGAACAGGGTAATGCCTGCGCAG
GGAGTGTGCAGTTTTTTTT
>folT_THF
>gb|CP000724.1 |:4463940-4464100 Alkaliphilus metalliredigens QYMF, com-
plete genome
TATGAAGGCAGAGTAGGTGTTATGCGTTAAGTGTTAGGGGATG
GGAAGTTGCTCCTAAACGAAGAACTCATTTCGCGATATAACACC
GCGTCCACTGTCACAGTCGAGGGAAGCTACTTTTTCGATACATT
AATTTCTCTTACATGTGGCGCTATGTCTAA
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>metH_SAH
>gi|71905642:57395-57505 Dechloromonas aromatica RCB, complete genome
TCTGCCGAGGAGCGCTGCGACCCTTTAATTCGGGGGCCAGGCTC
GGCAATGATCAACGGCGCTCGCAAACCCGCGTTTTCCTTGCCCC
GGTTTGCGGCGCCGTTCGTTTTT
The following sequences do not represent riboswitches, and are used for a
negative test capability purpose.
>MS2_RNA (Groenveld et. al. RNA 1995 1:79-88.)
GGGTGGGACCCCTTTCGGGGTCCTGCTCAACTTCCTGTCGAGCT
AATGCCATTTTTAATGTCTTTAGCGAGACGCTACCATGCTATCG
CTGTAGGTAGCCGGAATTCCATTCCTAGGAGGTTTGACCTGTGC
GA
>MDV_1_RNA (Kramer et. al. Nucleic Acids Research 1981 9:5109-5124.)
GGGGAACCCCCCTTCGGGGGTCACCTCGCGCAGCGGGCTGCGCG
AAGGGGCCACGCTGCGAAGCAGCGTGGCGGTTCTCGTGGTTACC
GAAACGCACGAAG
>5S_rRNA
>ENA|HQ270648|HQ270648.1 Aegilops crassa var. glumiaristata clone CG1285-
4 5S ribosomal RNA gene, complete sequence. 1:371-489
AATGCGATCATACCAGCACTAAAGCACCGGATCCCATCAGAACT
CCGAAGTTAAGCGTGCTTGGGCGAGAGTAGTACTAGGATGGGTG
ACCTCCTGGGAAGTCCTCGTGTTGCATTCC
>tRNA
>Escherichia coli CFT073 tRNA |EMBL:AE016765/complement(78960-79052)|Welch
R.A., et al. (2003) Proc. Natl. Acad. Sci. U.S.A. 99(26):17020-17024. GG
TGAGGTGGCCGAGAGGCTGAAGGCGCTCCCCTGCTAAGGGAGTA
TGCGGTCAAAAGCTGCATCCGGGGTTCGAATCCCCGCCTCACCG
CCA
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>IRES_Pesti >ENA|U45478|U45478.1 Hog cholera virus strain Glentorf,
complete genome. 88 -361 AGTAGGACTAGCAAACGGAGGGACTAGC
CATAGTGGCGAGCTCCCTGGGTGGTCTAAGTCCTGAGTACAGGA
CAGTCGTCAGTAGTTCGACGTGAGCAGAAGCCCACCTCGAGATG
CTACGTGGACGAGGGCATGCCCAAGACACACCTTAACCCTAGCG
GGGGTCGCTAGGGTGAAATCACACCACGTGATGGGAGTACGACC
TGATAGGGTGCTGCAGAGGCCCACTATTAGGCTAGTATAAAAAT
CTCTGCTGTACATGGCACATGGAGT
Appendix B
Methods
In the following sections a brief description of the methods used in this work
will be given. Scripts relative to our methods will be described elsewhere
(Appendix D)
B.1 Prediction of RNA secondary structure
RNA secondary structure prediction, for a single sequence, have been done on
the basis of a pure thermodynamic approach [91]. Free energy minimisation,
with nearest neighbour parameters, is the most common approach, thanks
to its efficiency (O(n3) in time) and reliability. To date, although much
of the sequence dependence of RNA thermodynamics is unknown, for RNA
sequences of fewer than 700 nucleotides it is possible to correctly predict
roughly 70% of secondary structure from thermodynamics alone [44].
The NNTM parameters have been determined by optical melting studies [46,
44], by relating parameters to the number of occurrences of various motifs in
known secondary structures [20], by optimising parameters to predict known
secondary structures or by a combination of the previous [3]. Generally
energy parameters assign energies to every loop (described in Section 2.1.1);
so the energy of a structure could be additively described in terms of its loops
as:
E(S) =
∑
L∈S
E(L)
Furthermore energy has been decomposed in enthalpy and entropy terms,
in order to be able to compute temperature dependence. Is important to
note that both tertiary interactions and pseudoknot formation, despite being
crucial factors in the RNA structure function relationship, are not fully taken
into account.
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In this work prediction of the mfe structures have been done using RNAfold
from the ViennaRNA package [38], as well as a slightly modified version of
the python RNAlib wrapper as given from building ViennaRNA package.
In addition, offsets introduction in the modelling of the ligand binding, was
done with the use of RNAstructure [43].
Secondary structure plotting was done both with MATLAB and VARNA
[15].
B.2 Suboptimal structure sampling
An approach, based on sampling structures from the folding ensemble ac-
cording to their probability of occurring, i.e. using stochastic sampling, have
been proposed before [19].
According to what described in Section 5.1 probability of a structure depends
upon his energy:
PS(V ) =
e−ES(V )/RT
US
where ES(V ) is the free energy of the structure V for the sequence S and
US is the partition function for all admissible secondary structures for the
sequence S, and is simply a normalisation factor:
US =
∑
V
e−ES(V )/RT
G, free energy of the ensemble, have been written as [5]:
G = −RTln(US)
In this work an extensive use of suboptimal structures, calculated on the
basis of a Boltzmann representation, have been done, using RNAsubopt from
ViennaRNA package [38]. While other studies have shown the importance of
the temperature of sampling, in generating a greater diversity of structures
[58], we relied on sampling at standard temperature (37◦C); however, the
algorithm proposed here might be able to operate at different temperatures,
despite the fact that the reliability of such operations has not be fully tested
yet.
B.3 Clustering procedures
Clustering analysis rely on grouping set of objects in such a way that ob-
jects in the same group (called a cluster) are more similar (in some sense
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or another) to each other than to those in other groups (clusters) [31]. The
greater the similarity (or homogeneity) within a group, and the greater the
difference between groups, the “better” or more distinct the clustering. Both
k-means [40] and k-medoids [32] algorithms have been used.
In k-means, given a set of observations (x1,x2, ...,xn), where each observation
is a d-dimensional real vector, clustering aims to partition the n observations
into k (≤ n) sets S = {S1, S2, ..., Sk} so as to minimise the within-cluster
sum of squares (WCSS):
arg min
S
k∑
i=1
∑
x∈Si
‖x− µi‖2
. K-medoids, contrary to the k-means, choose data-points as cluster centres,
and works with an arbitrary distance matrix instead of l2 (euclidean distance,
as used in k-means).
In our work we use either scikit-learn Python package [53] and Bioython
[13]; for the k-means approach we used both bp-distance (Subsection 2.2.1)
w.r.t mfe structure, and energy of structure (evaluated with RNAeval from
ViennaRNA package) as features for data-points. In k-medoids approach
we generated a pairwise bp-distance matrix from the ensemble of structures
without make use of the energy information.
Finally, as an index for clustering performance evaluation, we choose silhou-
ette score [65] defined as:
s =
b− a
max(a, b)
where:
• a: The mean distance between a sample and all other points in the
same class.
• b: The mean distance between a sample and all other points in the
next nearest cluster.
Silhouette score present both the advantages from being limited between -1
and 1, where 1 means highly dense clustering and -1 incorrect clustering, and
from being higher when clusters are dense and well separated, which relates
to a standard concept of a cluster.
Appendix C
Example of Program Output
An example of program output, launched on the ECOL_thiM_TPP se-
quence of our dataset, will follow.
>ECOL_thiM_TPP
ACGACTCGGGGTGCCCTTCTGCGTGAAGGCTGAGAAATACCCGTATCACCTGATCTGGATAATGCCAGCG
TAGGGAAGTCACGGACCACCAGGTCATTGCTTCTTCACGTTATGGCAGGAGCAAACTATGCAAGTCGACC
TGCTGGGTTCA
kmedois silhouette: 0.121341499162
k_means silhouette: 0.700745434898
Switching seq: [97, 10]
..((((..(((((...(((.((......)).)))...)))))...((.((((..((((......))))..
))))))))))..(((((..((((((.(((((((((((.....))).))))))))(((.....))).))))
))...))))). -45.5999984741
.(((((..(((((...(((.((......)).)))...)))))......((......))....((((((((
(.((((((.((..((((....))))..)))))))).))))..)))))...(((.....))).)))))(((
(...))))... -45.9000015259
Relative energy difference: 0.00653601398224
Relative bp-distance: 0.490066225166
Normalised score: 6.83825859184e-06
Figure C.1 shows diverse information given from the algorithm: (a) shows
clustering of the structural ensemble obtained by calling RNAsubopt from Vi-
ennaRNA; diverse clusters are highlighted in different colours. Performance
indices, derived from multiple clustering procedures are given in output text
(See Box). (b) shows histogram for predicted switching sequence on the
ensemble. Eventually (c) and (d) show the two predicted RNA secondary
structures.
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Figure C.1: Result of our Model
Appendix D
Python Routines
D.1 Riboswitches structural clustering
1 import matp lo t l ib . pylab as py
2 import RNA
3 import sk l ea rn . c l u s t e r as c l u s t e r
4 from sk l ea rn import metr i c s
5 import numpy as np
6 from Bio . pa i rw i s e2 import a l i gn
7
8 de f c l u s t e r i n g ( data , n c lu s t = 2 , p lo t=True , method = ’ kmeans ’ , db_scan_err = 2 , metr ic = ’
bpdistance ’ ) :
9 """ Function f o r c l u s t e r i n g secondary s t ru c tu r e ensemble .
10 Supports s e v e r a l c l u s t e r i n g ’ kmeans ’ , ’ h i e r a r c h c a l ’ , ’DBSCAN’
11 and s e v e r a l metric , l i k e ’ bpdistance ’ and ’ pa i rw i s e2 ’
12 """
13 mfe = RNA. f o l d ( data [ 1 ] )
14 mfe_en = mfe [ 1 ]
15 mfe = mfe [ 0 ]
16 n_obs = len ( data )−2
17 n_feat=2
18 d_clust = np . z e ro s ( [ n_obs , n_feat ] )
19 f o r k in range (n_obs ) :
20 i f metr ic == ’ bpdistance ’ :
21 d_clust [ k , 0 ] = RNA. bp_distance (mfe , data [2+k ] [ 0 ] )
22 e l i f metr ic == ’ pa i rw i s e2 ’ :
23 a = a l i gn . g loba lxx (mfe , data [2+k ] [ 0 ] )
24 d_clust [ k , 0 ] = max( s [ 2 ] f o r s in a ) / l en ( data [ 1 ] )
25 e l s e :
26 r a i s e Exception ( ’ Unallowed Metric ’ )
27 d_clust [ k , 1 ] = f l o a t ( data [2+k ] [ 1 ] ) /(−mfe_en)
28
29 i f method == ’ kmeans ’ :
30 c l u s t = c l u s t e r . k_means( d_clust , n c lu s t )
31 s i l = metr i c s . s i l h oue t t e_sco r e ( d_clust , c l u s t [ 1 ] )
32 e l i f method == ’ h i e r a r c h i c a l ’ :
33 hc = c l u s t e r . Agg lomerat iveCluster ing ( n_cluster s=nc lu s t ) . f i t ( d_clust )
34 c l u s t = hc . labe l s_
35 s i l = metr i c s . s i l h oue t t e_sco r e ( d_clust , c l u s t )
36 e l i f method == ’DBSCAN’ :
37 ds = c l u s t e r .DBSCAN( eps=db_scan_err ) . f i t ( d_clust )
38 c l u s t = ds . labe l s_
39 s i l = metr i c s . s i l h oue t t e_sco r e ( d_clust , c l u s t )
40 e l s e :
41 r a i s e Exception ( ’No va l i d method de f ined ’ )
42
43 i f p l o t == True :
44 vco l o r = [ cp1 , cp2 , ’ y ’ , ’ g ’ , ’ k ’ ]
45 i f method == ’ kmeans ’ :
46 f o r i in range ( l en ( d_clust ) ) :
47 py . s c a t t e r ( d_clust [ i ] [ 0 ] , d_clust [ i ] [ 1 ] , c= vco l o r [ c l u s t [ 1 ] [ i ] ] , marker=’ o ’
, alpha =0.8)
48 e l i f method == ’ h i e r a r c h i c a l ’ :
49 f o r i in range ( l en ( d_clust ) ) :
50 py . s c a t t e r ( d_clust [ i ] [ 0 ] , d_clust [ i ] [ 1 ] , c= vco l o r [ c l u s t [ i ] ] , marker=’ o ’ )
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51 e l i f method == ’DBSCAN’ :
52 unique_labe ls = s e t ( c l u s t )
53 c o l o r s = py . cm. s p e c t r a l (np . l i n s pa c e (0 , 1 , l en ( unique_labe ls )+1) )
54 f o r i in range ( l en ( d_clust ) ) :
55 py . s c a t t e r ( d_clust [ i ] [ 0 ] , d_clust [ i , 1 ] , c=c o l o r s [ c l u s t [ i ]+1 ] , marker=’ o ’ )
56 i f metr ic == ’ bpdistance ’ :
57 py . x l ab e l ( ’ bp_distance ’ )
58 i f metr ic == ’ pa i rw i s e2 ’ :
59 py . x l ab e l ( ’ Score ’ )
60 py . y l ab e l ( ’ Energy ’ )
61 py . t i t l e ( data [0 ]+ ’ , S i l h ou t t e : ’+s t r ( s i l ) )
62 py . ylim (−1.1 ,0)
63 py . xlim ( 0 , 1 . 1 )
64 py . g r id ( )
65 return d_clust , c lu s t , s i l
D.2 Generation of Structural Ensemble
1 de f generate_dot_struct ( sequence , ensemble = 1000 ,T=37.0) :
2 """
3 Generate a sample o f the s t r u c t u r a l ensemble
4 f o r the sequence sequence , with ensemble s t r u c t u r e s at
5 temperature T.
6 Requires i n s t a l l e d ve r s i on o f ViennaRNA Package
7 """
8 o u t f i l e = ’data_w ’
9 temperature=’ ’
10 i f T != 37 . 0 :
11 temperature = ’−−temp=%d ’ %T
12 command = """ export PATH=$PATH:/ usr / l o c a l / bin ; s=%s ;
13 p r i n t f " $s " ’\n@ ’ | RNAsubopt −p %d %s >%s . tmp
14 whi le read p ; do
15 p r i n t f " $s " ’\n ’" $p" ’\n@ ’ | RNAeval >>ppp . txt
16 done <%s . tmp
17
18 p r i n t f " $s " ’\n ’ >%s
19 sed "/ $s /d" ppp . txt >>%s
20 rm ppp . txt
21 rm %s . tmp
22 """ %(sequence , ensemble , temperature , o u t f i l e , o u t f i l e , o u t f i l e , o u t f i l e , o u t f i l e )
23
24 subprocess . c a l l (command , s h e l l=True )
25 pattern = r ’ ( [ ( . ) ] { 1 , } ) [^− ]{1 ,}(−{0 ,}[^) ] { 1 , } ) \) ’
26 data = [ ]
27 with open ( o u t f i l e ) as dbe :
28 f o r l i n e in dbe :
29 match = re . search ( pattern , l i n e )
30 i f match :
31 data . append ( [ match . group (1) ,match . group (2) ] )
32 os . remove ( o u t f i l e )
33 return data
Code for both the algorithm and results evaluation have not been intro-
duced for space constraints. Please refer to the author for complete code
listing.
Appendix E
Simple Co-Transcriptional
Folding Algorithm
Don’t Panic
Douglas Adams, The
Hitchhiker’s Guide to the Galaxy
Based on our findings, which have been piled up during this work, we
became increasingly aware of the necessity of a co-transcriptional approach
to the problem of RNA folding. While several algorithm exist [57, 89], all
of them have some drawbacks, or either no source codes for modification or
extensions were available.
We decided to create a very simple algorithm, based on the top of the Vien-
naRNA package functions, for simulating a co-transcriptional folding process.
Obviously, being built on the ground of RNAfold from ViennaRNA, the al-
gorithm does not support pseudoknot.
While very similar to kinfold [23], it is based on a simpler approach, using a
diverse move set (basically a single helix formation/disruption); in addition
kinfold, as lots of proposed models,even based on helix formation/disruption
[48, 74] is preeminently directed towards renaturation folding, rather than
co-transcriptional folding.
In the following sections we will propose a simple algorithm that has not
to be seen as the final result of our work, but rather like a small corollary
constructed from information gathered during this thesis. So rather then
rigorous implementation and testing we will simple outline same basics but
promising results.
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E.1 The Idea behind the model
Our approach consider the process of co-transcriptional folding, i.e. the for-
mation of a RNA secondary structure while the mRNA is being transcribed
by the RNA polymerase; with a transcription speed in the range of tenth
of ms, fast base pairing (∼100ms) might occurs during folding. In addition,
studies have shown the presence of transcriptional pause sites, necessarily the
coordinates folding of the aptamer domain and the expression platform[54].
Using the same formalism introduced in section 2.1, let x be a sequence, and
V a structure, constructed upon that sequence; a structure is a sequence of
base-pair (i, j) such that :
(xi, xj) is either a Watson-Crick (AU,CG) or a Wobble (GU) base-pair, for
every sequence position, corresponding to a base xi, could be defined at most
one base-pair, and (i, j) ∈ V is possible only if |j−i| ≥ 4 such that an hairpin
must be made of at least three unpaired bases.
In addiction the condition that if (i, j) ∈ V and (k, l) ∈ V and i < k, then
either i < j < k < l or i < k < l < j is introduced to prohibit pseudoknots.
Algorithm 2 Calculate Co-Transcriptional Folding
Data: sequence, nstart
Compute structure for sequence(1 : nstart − 1) using RNAfold
for i := nstart to n do
Search in structurei−1, for helices
Calculate energy of every substructure using RNAeval()
Break some helix, following the Metropolis rule
Define constraintsi for the folding
Fold structurei = RNAfold(sequence(1 : i), constraintsi)
end for
return structure
where RNAfold() is a call to RNAfold function from ViennaRNA pack-
age.
For every iteration helices in structures have been evaluated, and for every
helix a probability of disruption is assigned on the basis of its energy, fol-
lowing the well known Metropolis rule [47]. In other terms, our algorithm
allow for every iteration a single helix disruption (that might happen or not,
according to the probability definition outline below), and a folding of the
unfolded nucleotides, if possible.
So kij, rate of transition between structure Vi and structure Vj
kij =
{
e−∆Gij/(kBT ) if∆G0j > ∆G
0
i
1 if∆G0j < ∆G
0
i
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Given the only possible transition as a disruption of an helix, ∆G0j = 0;
so let H be an helix, and Pdis(H) the probability of disruption of a certain
helix
Pdis(H) = e
− E(H)
kBTsf
where sf is a scale factor, considering the width of the time window, and
the basic transition rates. Make the scale factor position dependent during
transcription could even encompass the presence of pause sites, and their
effect on the dynamic of folding landscape.
E.2 Simple results
Figure E.1 shows several structure given from the proposed algorithm, as the
chain elongates.
(a) 30nt (b) 50nt (c) 75nt
(d) 100nt (e) 130nt (f) 173nt
Figure E.1: Example of co-transcriptional folding algoritmh.
Bibliography
[1] Agius, P., Bennett, K. P., and Zuker, M. Comparing RNA sec-
ondary structures using a relaxed base-pair score. RNA (New York,
N.Y.) 16, 5 (May 2010), 865–78.
[2] Ames, T. D., Rodionov, D. A., Weinberg, Z., and Breaker,
R. R. A eubacterial riboswitch class that senses the coenzyme tetrahy-
drofolate. Chemistry & biology 17, 7 (July 2010), 681–5.
[3] Andronescu, M., Condon, A., Hoos, H. H., Mathews, D. H.,
and Murphy, K. P. Efficient parameter estimation for RNA secondary
structure prediction. Bioinformatics (Oxford, England) 23, 13 (July
2007), i19–28.
[4] Anthony, P. C., Perez, C. F., García-García, C., and Block,
S. M. Folding energy landscape of the thiamine pyrophosphate ri-
boswitch aptamer. Proceedings of the National Academy of Sciences
of the United States of America 109, 5 (Jan. 2012), 1485–9.
[5] Badelt, S., Hammer, S., Flamm, C., and Hofacker, I. L. Ther-
modynamic and kinetic folding of riboswitches. Methods in enzymology
553 (Jan. 2015), 193–213.
[6] Batey, R. T. Riboswitches: still a lot of undiscovered country. RNA
21, 4 (Mar. 2015), 560–563.
[7] Batey, R. T., Gilbert, S. D., and Montange, R. K. Structure of
a natural guanine-responsive riboswitch complexed with the metabolite
hypoxanthine. Nature 432, 7015 (Nov. 2004), 411–415.
[8] Ben-Tabou de Leon, S., and Davidson, E. H. Gene regulation:
gene control network in development. Annual review of biophysics and
biomolecular structure 36 (Jan. 2007), 191.
[9] Breaker, R. R. Prospects for riboswitch discovery and analysis. Mol
Cell 43, 6 (2011), 867–879.
80
BIBLIOGRAPHY 81
[10] Breaker, R. R. Riboswitches and the RNA world. Cold Spring Harb
Perspect Biol 4, 2 (Feb. 2012).
[11] Ciampi, M. S. Rho-dependent terminators and transcription termina-
tion. Microbiology (Reading, England) 152, Pt 9 (Sept. 2006), 2515–28.
[12] Clote, P. Computational Methods for Understanding Riboswitches,
vol. 553 of Methods in Enzymology. Elsevier, 2015.
[13] Cock, P. J. A., Antao, T., Chang, J. T., Chapman, B. A., Cox,
C. J., Dalke, A., Friedberg, I., Hamelryck, T., Kauff, F.,
Wilczynski, B., and de Hoon, M. J. L. Biopython: freely available
Python tools for computational molecular biology and bioinformatics.
Bioinformatics (Oxford, England) 25, 11 (June 2009), 1422–3.
[14] Dann, C. E., Wakeman, C. A., Sieling, C. L., Baker, S. C.,
Irnov, I., and Winkler, W. C. Structure and mechanism of a metal-
sensing regulatory RNA. Cell 130, 5 (Sept. 2007), 878–92.
[15] Darty, K., Denise, A., and Ponty, Y. VARNA: Interactive drawing
and editing of the RNA secondary structure. Bioinformatics (Oxford,
England) 25, 15 (Aug. 2009), 1974–5.
[16] Deigan, K. E., and Ferré-D’Amaré, A. R. Riboswitches: discov-
ery of drugs that target bacterial gene-regulatory RNAs. Accounts of
chemical research 44, 12 (Dec. 2011), 1329–38.
[17] Ding, Y., Chan, C. Y., and Lawrence, C. E. Sfold web server
for statistical folding and rational design of nucleic acids. Nucleic acids
research 32, Web Server issue (July 2004), W135–41.
[18] Ding, Y., Chan, C. Y., and Lawrence, C. E. RNA secondary
structure prediction by centroids in a Boltzmann weighted ensemble.
RNA (New York, N.Y.) 11 (2005), 1157–1166.
[19] Ding, Y., and Lawrence, C. E. A statistical sampling algorithm
for RNA secondary structure prediction. Nucleic Acids Research 31, 24
(2003), 7280–7301.
[20] Do, C. B., Woods, D. A., and Batzoglou, S. CONTRAfold: RNA
secondary structure prediction without physics-based models. Bioinfor-
matics (Oxford, England) 22, 14 (July 2006), e90–8.
BIBLIOGRAPHY 82
[21] Edwards, A. L., Reyes, F. E., Héroux, A., and Batey,
R. T. Structural basis for recognition of S-adenosylhomocysteine by
riboswitches. RNA (New York, N.Y.) 16, 11 (Nov. 2010), 2144–55.
[22] Epshtein, V., Mironov, A. S., and Nudler, E. The riboswitch-
mediated control of sulfur metabolism in bacteria. Proceedings of the
National Academy of Sciences of the United States of America 100, 9
(Apr. 2003), 5052–6.
[23] Flamm, C., Fontana, W., Hofacker, I. L., and Schuster, P.
RNA folding at elementary step resolution. RNA 6, 3 (Mar. 2000),
325–338.
[24] Frieda, K. L., and Block, S. M. Direct observation of cotranscrip-
tional folding in an adenine riboswitch. Science (New York, N.Y.) 338,
6105 (Oct. 2012), 397–400.
[25] Garst, A. D., Edwards, A. L., and Batey, R. T. Riboswitches:
structures and mechanisms. Cold Spring Harbor perspectives in biology
3, 6 (June 2011).
[26] Giegerich, R. Abstract shapes of RNA. Nucleic Acids Research 32,
16 (Sept. 2004), 4843–4851.
[27] Greenleaf, W. J., Frieda, K. L., Foster, D. A. N., Woodside,
M. T., and Block, S. M. Direct observation of hierarchical folding in
single riboswitch aptamers. Science (New York, N.Y.) 319, 5863 (Feb.
2008), 630–3.
[28] Gultyaev, A. P., Olsthoorn, R. C. L., Pleij, C. W. A., and
Westhof, E. RNA Structure: Pseudoknots. eLS (2001).
[29] Haller, A., Soulière, M. F., and Micura, R. The Dynamic Na-
ture of RNA as Key to Understanding Riboswitch Mechanisms. Accounts
of Chemical Research 44, 12 (2011), 1339–1348.
[30] Henkin, T. M. Riboswitch RNAs: using RNA to sense cellular
metabolism. Genes & development 22, 24 (Dec. 2008), 3383–90.
[31] Jain, A. K., Murty, M. N., and Flynn, P. J. Data clustering: a
review. ACM Computing Surveys 31, 3 (Sept. 1999), 264–323.
[32] Kaufman, L., and Rousseeuw, P. Clustering by means of medoids.
BIBLIOGRAPHY 83
[33] Kruger, K., Grabowski, P. J., Zaug, A. J., Sands, J.,
Gottschling, D. E., and Cech, T. R. Self-splicing RNA: Autoex-
cision and autocyclization of the ribosomal RNA intervening sequence
of tetrahymena. Cell 31, 1 (Nov. 1982), 147–157.
[34] Latchman, D. Gene Regulation. Garland Science, 2007.
[35] Lee, J. F., Hesselberth, J. R., Meyers, L. A., and Ellington,
A. D. Aptamer database. Nucleic acids research 32, Database issue
(Jan. 2004), D95–100.
[36] Lemay, J.-F., Penedo, J. C., Tremblay, R., Lilley, D. M. J.,
and Lafontaine, D. A. Folding of the adenine riboswitch. Chemistry
& biology 13, 8 (Aug. 2006), 857–68.
[37] Loh, E., Dussurget, O., Gripenland, J., Vaitkevicius, K.,
Tiensuu, T., Mandin, P., Repoila, F., Buchrieser, C., Cos-
sart, P., and Johansson, J. A trans-acting riboswitch controls ex-
pression of the virulence regulator PrfA in Listeria monocytogenes. Cell
139, 4 (Nov. 2009), 770–9.
[38] Lorenz, R., Bernhart, S. H., Höner Zu Siederdissen, C.,
Tafer, H., Flamm, C., Stadler, P. F., and Hofacker, I. L.
ViennaRNA Package 2.0. Algorithms for molecular biology : AMB 6, 1
(Jan. 2011), 26.
[39] Lünse, C. E., Schüller, A., and Mayer, G. The promise of ri-
boswitches as potential antibacterial drug targets. International journal
of medical microbiology : IJMM 304, 1 (Jan. 2014), 79–92.
[40] MacQueen, J. Some methods for classification and analysis of mul-
tivariate observations. In Proceedings of the Fifth Berkeley Symposium
on Mathematical Statistics and Probability, Volume 1: Statistics (1967),
The Regents of the University of California.
[41] Mandal, M., and Breaker, R. R. Gene regulation by riboswitches.
Nature reviews. Molecular cell biology 5 (2004), 451–463.
[42] Manzourolajdad, A., Wang, Y., Shaw, T. I., and Malmberg,
R. L. Information-theoretic uncertainty of SCFG-modeled folding space
of the non-coding RNA. Journal of theoretical biology 318 (Feb. 2013),
140–63.
BIBLIOGRAPHY 84
[43] Mathews, D. H. RNA Secondary Structure Analysis Using RNAs-
tructure. Curr Protoc Bioinformatics 46 (2014), 12.6.1–12.6.25.
[44] Mathews, D. H., Disney, M. D., Childs, J. L., Schroeder, S. J.,
Zuker, M., and Turner, D. H. Incorporating chemical modifica-
tion constraints into a dynamic programming algorithm for prediction
of RNA secondary structure. Proc Natl Acad Sci U S A 101, 19 (2004),
7287–7292.
[45] Mathews, D. H., Moss, W. N., and Turner, D. H. Folding and
finding RNA secondary structure. Cold Spring Harb Perspect Biol 2, 12
(2010), a003665.
[46] Mathews, D. H., Sabina, J., Zuker, M., and Turner, D. H.
Expanded sequence dependence of thermodynamic parameters improves
prediction of RNA secondary structure. J Mol Biol 288, 5 (1999), 911–
940.
[47] Metropolis, N., Rosenbluth, A. W., Rosenbluth, M. N.,
Teller, A. H., and Teller, E. Equation of State Calculations by
Fast Computing Machines. The Journal of Chemical Physics 21, 6 (Dec.
1953), 1087.
[48] Mironov, A. A., and Lebedev, V. F. A kinetic model of RNA
folding. Bio Systems 30, 1-3 (Jan. 1993), 49–56.
[49] Moore, P. B. The {RNA} folding problem. In The {RNA} world.
Cold Spring Harbor Monograph Archive, 1999, ch. 15, pp. 381–401.
[50] Moulton, V., Zuker, M., Steel, M., Pointon, R., and Penny,
D. Metrics on RNA secondary structures. Journal of computational
biology : a journal of computational molecular cell biology 7, 1-2 (Jan.
2004), 277–92.
[51] Nawrocki, E. P., Burge, S. W., Bateman, A., Daub, J., Eber-
hardt, R. Y., Eddy, S. R., Floden, E. W., Gardner, P. P.,
Jones, T. A., Tate, J., and Finn, R. D. Rfam 12.0: updates to the
RNA families database. Nucleic acids research 43, Database issue (Jan.
2015), D130–7.
[52] Needleman, S. B., and Wunsch, C. D. A general method applicable
to the search for similarities in the amino acid sequence of two proteins.
Journal of molecular biology 48, 3 (Mar. 1970), 443–53.
BIBLIOGRAPHY 85
[53] Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V.,
Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P.,
Weiss, R., Dubourg, V., Vanderplas, J., Passos, A., Cour-
napeau, D., Brucher, M., Perrot, M., and Duchesnay, E.
Scikit-learn: Machine Learning in Python. Journal of Machine Learning
Research 12 (2011), 2825–2830.
[54] Perdrizet, G. A., Artsimovitch, I., Furman, R., Sosnick,
T. R., and Pan, T. Transcriptional pausing coordinates folding of
the aptamer domain and the expression platform of a riboswitch, 2012.
[55] Peselis, A., and Serganov, A. Themes and variations in riboswitch
structure and function. Biochim Biophys Acta 1839, 10 (2014), 908–918.
[56] Popenda, M., Szachniuk, M., Antczak, M., Purzycka, K. J.,
Lukasiak, P., Bartol, N., Blazewicz, J., and Adamiak, R. W.
Automated 3d structure composition for large rnas. Nucleic Acids Re-
search 40, 14 (2012), e112.
[57] Proctor, J. R., and Meyer, I. M. COFOLD: an RNA secondary
structure prediction method that takes co-transcriptional folding into
account. Nucleic acids research 41, 9 (May 2013), e102.
[58] Quarta, G., Kim, N., Izzo, J. A., and Schlick, T. Analysis of
riboswitch structure and function by an energy landscape framework. J
Mol Biol 393, 4 (Nov. 2009), 993–1003.
[59] Quarta, G., Sin, K., and Schlick, T. Dynamic energy landscapes of
riboswitches help interpret conformational rearrangements and function.
PLoS computational biology 8, 2 (Jan. 2012), e1002368.
[60] Ray, P. S., Jia, J., Yao, P., Majumder, M., Hatzoglou, M.,
and Fox, P. L. A stress-responsive RNA switch regulates VEGFA
expression. Nature 457, 7231 (Feb. 2009), 915–9.
[61] Regulski, E. E., Moy, R. H., Weinberg, Z., Barrick, J. E., Yao,
Z., Ruzzo, W. L., and Breaker, R. R. A widespread riboswitch
candidate that controls bacterial genes involved in molybdenum cofactor
and tungsten cofactor metabolism. Molecular microbiology 68, 4 (May
2008), 918–32.
[62] Rieder, R., Lang, K., Graber, D., and Micura, R. Ligand-
induced folding of the adenosine deaminase A-riboswitch and implica-
tions on riboswitch translational control. ChemBioChem 8 (2007), 896–
902.
BIBLIOGRAPHY 86
[63] Rieder, U., Kreutz, C., and Micura, R. Folding of a transcrip-
tionally acting preQ1 riboswitch. Proc Natl Acad Sci U S A 107, 24
(2010), 10804–10809.
[64] Rivas, E., and Eddy, S. R. A dynamic programming algorithm for
RNA structure prediction including pseudoknots. Journal of molecular
biology 285, 5 (Feb. 1999), 2053–68.
[65] Rousseeuw, P. J. Silhouettes: A graphical aid to the interpretation
and validation of cluster analysis. Journal of Computational and Applied
Mathematics 20 (Nov. 1987), 53–65.
[66] Savinov, A., Perez, C. F., and Block, S. M. Single-molecule
studies of riboswitch folding. Biochim Biophys Acta 1839, 10 (2014),
1030–1045.
[67] Schrödinger, LLC. The PyMOL molecular graphics system, ver-
sion 1.3r1. August 2010.
[68] Serganov, A., Huang, L., and Patel, D. J. Structural insights
into amino acid binding and gene control by a lysine riboswitch. Nature
455, 7217 (Oct. 2008), 1263–7.
[69] Serganov, A., and Nudler, E. A decade of riboswitches. Cell 152,
1-2 (2013), 17–24.
[70] Smith, K. D., Lipchock, S. V., Ames, T. D., Wang, J., Breaker,
R. R., and Strobel, S. A. Structural basis of ligand binding by a c-
di-GMP riboswitch. Nature structural & molecular biology 16, 12 (Dec.
2009), 1218–23.
[71] SUDARSAN, N. Metabolite-binding RNA domains are present in the
genes of eukaryotes. RNA 9, 6 (June 2003), 644–647.
[72] Sudarsan, N., Cohen-Chalamish, S., Nakamura, S., Emilsson,
G. M., and Breaker, R. R. Thiamine pyrophosphate riboswitches
are targets for the antimicrobial compound pyrithiamine. Chem Biol 12,
12 (2005), 1325–1335.
[73] Sudarsan, N., Wickiser, J. K., Nakamura, S., Ebert, M. S.,
and Breaker, R. R. An mRNA structure in bacteria that controls
gene expression by binding lysine. Genes & development 17, 21 (Nov.
2003), 2688–97.
BIBLIOGRAPHY 87
[74] Suvernev, A. A., and Frantsuzov, P. A. Statistical description of
nucleic acid secondary structure folding. Journal of biomolecular struc-
ture & dynamics 13, 1 (Aug. 1995), 135–44.
[75] Szaty\lowicz, H., and Sadlej-Sosnowska, N. Characterizing the
strength of individual hydrogen bonds in DNA base pairs. J Chem Inf
Model 50, 12 (2010), 2151–2161.
[76] Thore, S., Leibundgut, M., and Ban, N. Structure of the eu-
karyotic thiamine pyrophosphate riboswitch with its regulatory ligand.
Science 312, 5777 (2006), 1208–1211.
[77] Tinoco Jr, I., and Bustamante, C. How RNA folds. J Mol Biol
293, 2 (1999), 271–281.
[78] Tomsic, J., McDaniel, B. A., Grundy, F. J., and Henkin,
T. M. Natural variability in S-adenosylmethionine (SAM)-dependent
riboswitches: S-box elements in bacillus subtilis exhibit differential sen-
sitivity to SAM In vivo and in vitro. Journal of bacteriology 190, 3 (Mar.
2008), 823–33.
[79] Trausch, J. J., Ceres, P., Reyes, F. E., and Batey, R. T.
The structure of a tetrahydrofolate-sensing riboswitch reveals two ligand
binding sites in a single aptamer. Structure (London, England : 1993)
19, 10 (Oct. 2011), 1413–23.
[80] Turner, D. H., Sugimoto, N., Kierzek, R., and Dreiker, S. D.
Free energy increments for hydrogen bonds in nucleic acid base pairs.
Journal of the American Chemical Society 109, 12 (1987), 3783–3785.
[81] Wachter, A., Tunc-Ozdemir, M., Grove, B. C., Green, P. J.,
Shintani, D. K., and Breaker, R. R. Riboswitch control of gene
expression in plants by splicing and alternative 3’ end processing of
mRNAs. The Plant cell 19, 11 (Nov. 2007), 3437–50.
[82] Wang, J. X., Lee, E. R., Morales, D. R., Lim, J., and Breaker,
R. R. Riboswitches that sense S-adenosylhomocysteine and activate
genes involved in coenzyme recycling. Molecular cell 29, 6 (Mar. 2008),
691–702.
[83] Wickiser, J. K., Cheah, M. T., Breaker, R. R., and Crothers,
D. M. The kinetics of ligand binding by an adenine-sensing riboswitch.
Biochemistry 44, 40 (Oct. 2005), 13404–14.
BIBLIOGRAPHY 88
[84] Wickiser, J. K., Winkler, W. C., Breaker, R. R., and
Crothers, D. M. The speed of RNA transcription and metabolite
binding kinetics operate an FMN riboswitch. Molecular cell 18, 1 (Apr.
2005), 49–60.
[85] Wilson, K. S., and von Hippel, P. H. Transcription termination
at intrinsic terminators: the role of the RNA hairpin. Proceedings of
the National Academy of Sciences of the United States of America 92
(1995), 8793–8797.
[86] Winkler, W., Nahvi, A., and Breaker, R. R. Thiamine deriva-
tives bind messenger RNAs directly to regulate bacterial gene expres-
sion. Nature 419, 6910 (2002), 952–956.
[87] Winkler, W. C., and Breaker, R. R. Genetic control by
metabolite-binding riboswitches, 2003.
[88] Wittmann, A., and Suess, B. Engineered riboswitches: Expanding
researchers’ toolbox with synthetic RNA regulators, 2012.
[89] Xayaphoummine, A., Bucher, T., and Isambert, H. Kinefold web
server for RNA/DNA folding path and structure prediction including
pseudoknots and knots. Nucleic acids research 33, Web Server issue
(July 2005), W605–10.
[90] Zhang, J., Lau, M. W., and Ferré-D’Amaré, A. R. Ribozymes
and riboswitches: modulation of RNA function by small molecules. Bio-
chemistry 49, 43 (Nov. 2010), 9123–31.
[91] Zuker, M., and Stiegler, P. Optimal computer folding of large RNA
sequences using thermodynamics and auxiliary information. Nucleic
Acids Res 9, 1 (1981), 133–148.
Acknowledgements
Being a man of science, rather than a man of letters, I have ever been scared
by the idea of writing acknowledgements; I have ever thought that it would
be the most arduous part of this work. Life is a truly dynamic process —
piάντα ρ῾εῖ as Heraclitus would have said, “everything changes and nothing
remains still ” — and even being able to recognise how many people have
contributed to my growth as student, as scientist, and as man, seems far
beyond human capability, not to mention about thanking them all! Anyway,
being any metaphysical digression far beyond the purpose of acknowledge-
ments, let us focus on the main part.
Firstly I would like to thanks the man who made this work possible, my su-
pervisor, Ing. Alessio Bechini, for his patient, his excellent guidance, and his
understanding. The path of knowledge requires carefully guidance of teach-
ers, and it would not be possible without his assistance.
I would like to thanks my father, my mother, and my brother, which have
ever been with me, and have ever helped myself whenever I needed. They
have provided me with a very stimulating environment that, in my opinion,
has been playing the biggest role in forging my obstinate love towards knowl-
edge.
Thanks to my oldest friends, to whom I am intertwined by a longstanding
friendship. May it last forever. Thanks to my new friends, everyone with his
indubitable contribution.
Thanks to my girlfriend, and her ability to tolerate my ancestral stubborn-
ness, my sudden mood swings, and who have ever being with me, no matter
what I did.
Finally I would say personally thanks to all I have not thanked before, but
too many people have contributed to make it possible.
89
